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Abstract
Rendering physically accurate caustics in real-time remains a persistent challenge due
to their complex light interactions and high-frequency features. This thesis presents a
comprehensive exploration into adapting oìine physically based rendering techniques
for real-time caustic synthesis on modern GPU architectures. Central to this work is
CandelaDXR, a GPU-accelerated light tracer that employs novel importance sampling
strategies to improve convergence speed and visual adelity for caustics. By generat-
ing dynamic probability distribution functions conditioned on scene geometry, camera
parameters, and material properties, CandelaDXR prioritises specular interactions and
focuses sampling eêorts on perceptually relevant regions. To support this system, two
auxiliary toolswere developed: Anvil, amodular visual debuggingplatform for render-
ing pipelines, and Forge, an evaluation framework designed to facilitate reproducible,
cross-system comparisons. These tools provide both insight and rigour in diagnosing
rendering artefacts and validating algorithmic improvements. Additionally, the thesis
introduces a spectral denoising pipeline tailored to the distinct characteristics of caustic
signals, demonstrating the eêectiveness of Fourier, wavelet and curvelet-based trans-
forms in preserving detail while reducing noise. Quantitative results across multiple
scenes and viewpoints reveal signiacant performance gains, noise reduction, and per-
ceptual improvements in CandelaDXR over baseline methods. Collectively, this work
contributes a uniaed architecture for real-time caustic rendering, debugging, and eval-
uation, oêering practical advances in both rendering theory and implementation for
real-time physically based graphics.
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1 Introduction
Image synthesis refers to the generation of an image based on a detailed description of
a scene. This description typically includes information such as the vertices associated
with an object and the material properties of its composition. A renderer, which is a
specialised software application, performs this process of image synthesis, commonly
referred to as rendering. Although rendering is frequently associated with video game
development, its applications extend signiacantly beyond this domain, encompassing
areas such as prototyping, serious games, and archaeological reconstruction.

Rendering can be classiaed into two categories based on temporal constraints:
oìine and real time. Oìine rendering is employed in applications where time is not a
critical factor, such as the production of animated alms. In contrast, real-time rendering
is utilised in scenarios where images must be generated within a strict time frame. For
instance, a single frame in an animated alm may require several hours or even days to
produce1, whereas a frame in a video game must be rendered within 16.7 milliseconds
to maintain a display rate of 60 frames per second (FPS). This stringent time constraint
encompasses not only the rendering process itself but also the execution of logic, such
as object animation and the computation of physical interactions (e.g., gravity and col-
lisions). Consequently, the actual time allocated for rendering is less than 16.7 millisec-
onds. Furthermore, virtual reality (VR) applications impose an even stricter limit of
under 14 milliseconds (72 Hz) to mitigate the risk of motion sickness.

Rendering may alternatively be classiaed according to the visual style produced
by the renderer. Renderers are capable of generating diverse image types, ranging from
stylised cartoon imagery [1] to photorealistic representations (artistic interpretations
of real-world scenes). Physically based rendering (PBR) speciacally generates images
through the computational simulation of light transport, with the primary objective of
attaining photorealism.

Physically based renderers, whether operating in oìine or real-time modes,
aim to approximate solutions to the rendering equation [2]. This fundamental equation,
grounded in the principle of energy conservation, mathematically describes light trans-
port and energy exchange between surfaces within a virtual environment. Formulated
as a Fredholm integral equation of the second kind, it lacks an analytical solution and
consequently requires numerical approximation methods for its resolution.

Lo = Le +

∫

Ω

fr Li cos(θi) dωi (1.1)

Equation 1.1 presents the rendering equation restricted to rebection phenomena.
It mathematically deanes the radiance Lo emitted in a speciac direction, accounting for

1https://renderman.pixar.com/stories/the-world-of-coco
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both incoming illumination Li from hemispherical directions at a given point and any
self-emitted light Le. The bidirectional rebectance distribution function (BRDF), de-
noted fr, quantiaes the proportion of incident light that is rebected. Conceptually, this
formulation represents a recursive integral equation where the recursion depth corre-
sponds to light transport interactions. The equation can alternatively be interpreted
as a Liouville–Neumann series expansion, with each successive term modelling an ad-
ditional light bounce. Renderers designed to produce physically accurate results seek
computationally feasible approximations of this fundamental equation.

1.1 Rendering Techniques
Numerous rendering techniques exist, with rasterisation being themostwidely adopted.
This method excels in real-time applications, making it the standard choice for video
game development. Empirical evidence demonstrates that rasterisation has progres-
sively achieved increasingly realistic results, including photorealistic output. The ef-
aciency of rasterisation is signiacantly enhanced by dedicated hardware, speciacally
graphics processing units (GPUs).

Ray tracing represents an alternative rendering technique that enables the achieve-
ment of both photorealistic and physically accurate results. This approach simulates
the propagation and interaction of light rays with scene geometry, closely modelling
the behaviour of electromagnetic radiation. Implementations typically incorporate ra-
diometric principles, producing images that may be indistinguishable from real-world
photographs. The computational complexity of ray tracing has historically limited its
application to oìine rendering scenarios, such as feature alm production. However,
recent technological advancements have facilitated its adoption in interactive and real-
time systems.

1.2 Advances in Hardware
Recent hardware developments have enabled real-time ray tracing through dedicated
ray tracing cores. NVIDIA’s 20-seriesGPUs represented the arst consumer-grade graph-
ics processors to incorporate hardware-accelerated ray tracing. This innovation was
subsequently followed by AMD’s Radeon 6000 series.These advancements have facili-
tated the adoption of hybrid rendering, where rasterisation and ray tracing are combined
to render virtual scenes. Despite these improvements, certain optical phenomena re-
main challenging to render in real-time, such as caustics.
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Figure 1.1 Caustics formed by a glass of water

1.3 Caustics
Caustics constitute complex optical phenomena that manifest as concentrated light pat-
terns on diêuse surfaces when illumination undergoes rebection or refraction through
transparent media. As demonstrated in Figure 1.12, this eêect is exempliaed by light
transmission through a water-alled glass, where incident rays experience multiple re-
fractive interactions governed by Snell’s law. The light initially refracts at the air-glass
interface, undergoes further refraction through the water, and anally refracts again
when exiting through the glass-air boundary. These successive directional changes of
light propagation create the characteristic bright caustic patterns that present signia-
cant computational challenges for real-time rendering systems, particularly due to the
need for accurate physical simulation of multi-stage light transport within strict tem-
poral constraints.

The rendering of caustics presents signiacant computational challenges due to
the diëculty in identifying the contributing light paths. These optical phenomena often
result from light rays originating within extremely narrow angular ranges that prove
problematic for conventional sampling approaches. As illustrated in Figure 1.2, the un-
derlying physical process involves light rays converging to a minute focal region before
diverging to illuminate a surface. In this conaguration, any observation point along
the illuminated surface (represented by the brown line) must eêectively sample this
vanishingly small convergence region, requiring an impractically narrow aeld of view.

2https://forum.d5render.com/t/glass-shadows/111
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Figure 1.2 Glass sphere focusing light rays

This simpliaed example demonstrates that even elementary caustic formations can pose
substantial rendering diëculties, highlighting the inherent complexity of accurately
simulating such light transport phenomena.

Unidirectional rendering techniques, including path tracing and light tracing
(forwardpath tracing), typically exhibit suboptimal performancewhen rendering caus-
tics. Alternative algorithms such as bidirectional path tracing (BPT) [3] andMetropolis
Light Transport (MLT) [4] demonstrate superior performance in handling such cases.
MLT employs an adaptive sampling strategy,where high-energy raydirections are iden-
tiaed and their neighbourhoods are explored through small perturbations. While these
advanced algorithms improve caustics renderingdramatically, their computational com-
plexity renders them unsuitable for real-time applications. The fundamental limitation
stems from the inherent trade-oê between convergence speed and computational cost,
where MLT’s improved convergence comes at the expense of increased per-iteration
processing time. Consequently, thesemethods remain primarily conaned to oìine ren-
dering scenarios where strict real-time constraints are not imposed.

1.4 Motivation
Achieving both real-time performance and unbiased rendering presents a signiacant
challenge. On the one hand, oìine rendering techniques oêer a diverse array of meth-
ods capable of producing unbiased images, yet these approaches typically necessitate
substantial computational time. On the other hand, advancements in hardware have fa-
cilitated the integration of ray tracing into real-time rendering pipelines. However, this
development restricts the range of viable rendering algorithms, thereby limiting the
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scope of techniques that can be eêectively employed. Additionally, rendering caustics
further limits this selection.

A critical step towards this objective would be to identify an unbiased oìine
rendering technique capable of operating in real-time and executing eëciently on the
GPU. Prior to implementation of such an algorithm on the GPU, a feasibility study
should be conducted to assess whether the technique can eêectively generate caustics
and achieve acceptable convergence with a limited number of samples per pixel.

The architecture of GPUs diêers fundamentally from that of CPUs, and map-
ping an algorithm onto a GPU is not a straightforward, one-to-one process. GPUs are
designed to execute threads in lock-step wherever possible to avoid signiacant perfor-
mance penalties. Additionally, the distinct memory hierarchy of GPUs must be care-
fully managed, as overlooking its intricacies can lead to substantial performance degra-
dation. These challenges are compounded when implementing rendering algorithms,
particularly those employing stochastic methods to generate images. Path tracing, for
instance, is a stochastic rendering technique that relies heavily on sampling. Such al-
gorithms depend on random number generation, with actions determined by the out-
comes of these random processes. Debugging stochastic renderers is inherently com-
plex due to their non-deterministic nature, and this complexity is exacerbated when
implementing them on GPUs, where even basic debugging tools, such as print state-
ments, are often unavailable. Furthermore, diagnosing issues related to complex light
phenomena, such as caustics, becomes even more demanding.

While tools exist to assist in debugging and analysing GPU-implemented algo-
rithms, they tend to operate at a low level of abstraction. For example, NVIDIANsight3
enables developers to debug frames by inspecting textures, instrumenting the render-
ing pipeline, and, in some cases, stepping through shader code. However, visualising
rendering problems solely through numerical analysis remains a signiacant challenge.
Consider a scenario where one attempts to verify the correctness of a ray bounce event.
With only numerical data available, one would need to manually reconstruct the ori-
gin and direction vectors and visualise them using a third-party tool such as Blender.
Although this approach is technically feasible, it is impractical and time-consuming,
highlighting the need for more intuitive debugging methodologies.

Given the stringent time constraints inherent in real-time rendering, the incor-
poration of denoising techniques is likely essential. However, the speciac application
of denoising to caustics remains an underexplored area of research. This distinction is
particularly signiacant, as caustic signals exhibit unique characteristics, typically man-
ifesting as high-frequency, curve-like structures. Consequently, further investigation is
warranted to develop denoising methods tailored to the speciac challenges posed by
caustic rendering.

3https://developer.nvidia.com/nsight-graphics
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Given that denoising techniques for diêuse components have been extensively
studied, it could be advantageous to focus eêorts on the caustics buêer. To explore this,
the signal could be separated into distinct components: diêuse, specular, and caustics.
One potential avenue for investigation could involve denoising at the spectral level, with
a simple approach utilising Fourier transforms to alter speciac frequencies. However,
a key challenge would lie in mathematically determining the necessary coeëcients for
such altering. This would require a search through the parameter space to identify
optimal values. While such approaches may not be feasible for real-time applications
due to their computational complexity, pre-computed coeëcients could potentially be
reused, reducing computational overhead. To eêectively explore the search space and
evaluate potential methods, the development of a robust evaluation framework is likely
necessary. Nevertheless, further research would be required to assess the viability and
eêectiveness of such a strategy.

Depending on the denoising results, adjustments could be made to reane the
approach. A critical consideration is whether improvements can be achieved at the in-
put level, as a higher-quality input signal should, in theory, produce a better denoised
image. However, any such improvements should be carefully balanced to ensure they
have a minimal impact on render time, maintaining the feasibility of real-time applica-
tions.

1.5 Research Questions
The focus of this research is on caustics, with a particular emphasis on exploring and
adapting established oìine rendering methods for real-time applications. Modern
hardware, such as accelerated ray tracing, will play a pivotal role in this endeavour. Se-
lection criteria will be employed to determine which oìine algorithms are best suited
for adaptation to GPU architectures. These criteria will take into account GPU hard-
ware features, including caches and various memory types, as well as other details that
can optimise hardware performance. While performance is of paramount importance,
we also strive to ensure the correctness of the implementedmethods. Achieving plausi-
bility is merely a preliminary step; our goal is to ensure that the radiometric quantities
of synthesised images, prior to post-processing, are both correct and unbiased. This
can be particularly challenging, especially on lower-end hardware. Additionally, we
aim to investigate post-processing techniques speciacally tailored for caustics, with the
objective ofminimising bias in the caustics signal. Our research questions therefore are:

• To what extent can oìine caustics synthesis methods be adapted for real-time
use?

– How would the methods at into the rendering pipeline?
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– What would the impact on performance be?
– Would these method be composable, and if so, to which extent?
– How well would these methods translate to general-purpose graphics pro-

cessing unit (GPGPU)/rasterisation hardware?

• How can bias in the post-processing stage be minimised?

– To what extent can caustics signals be denoised?
– Is spectral denoising eêective for such signals?

1.6 Research Methodology
Our research centres on the adaptation of oìine caustics synthesis techniques for real-
time applications, utilisingmodern hardware such asGPUswith accelerated ray-tracing
capabilities. The real-time generation of caustics is a aeld under active exploration, par-
ticularly since the advent of hardware-accelerated ray tracing. We examine methods
that harness GPU-accelerated rendering to achieve real-time caustic synthesis, thereby
contributing to the growing body of knowledge in this domain.

1.6.1 Candela
Candela is a CPU-based renderer designed to facilitate the investigation of path tracing
and light tracing techniques. In this work, a feasibility study is conducted to determine
which of the simplest ray tracing methods (path tracing or light tracing) converges
caustics more rapidly. Light tracing is examined in detail, and results based on image-
similarity metrics demonstrate its superior performance in caustics generation. Fur-
thermore, this study led to the development of Anvil, a tool for the visual debugging
of rendering pipelines. Anvil was utilised to debug bidirectional path tracing during
the evaluation of this technique as part of a preliminary feasibility study.

1.6.2 CandelaDXR - Naive
This work embodies the andings of the preceding chapter (Candela), implementing
light tracing on the GPU using DirectX Raytracing (DXR) technology. It delves into
the complexities of mapping the CPU-based algorithm to the GPU, outlining various
design decisions that were critical to achieving this transition. Throughout this process,
Anvil played an indispensable role in debugging issues related to arebies, ray bounces,
and energy loss in real-time rendering.

7
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1.6.3 Anvil
This work examines Anvil, a tool speciacally designed for the visual debugging of ren-
dering pipelines. Anvil is engineered to facilitate seamless integration into applications,
enabling users to debug rendering processeswith ease. It identiaes commondata struc-
tures represented as atoms and molecules, which serve as the foundation for driving
visualisers. Users can create their own custom visualisers when predeaned options
are unavailable, and these visualisers are pluggable, allowing them to be shared and
utilised within the broader community. This bexibility enhances Anvil’s utility as a
collaborative and extensible debugging tool.

1.6.4 Spectral Denoising
Spectral denoising explores the eëcacy of spectral transforms in denoising caustics
within physically-based Monte Carlo rendering, where preserving high-frequency de-
tails, such as contours in caustics, is essential. This work provides a comparative analy-
sis of multiple spectral algorithms, NVIDIA’s OptiX AI-accelerated denoiser, ReBLUR,
and ReLAX. Additionally, search algorithms such as Powell and Constrained Optimisa-
tionByLinearApproximations (COBYLA) are investigated to determinewhichmethod
yields the most optimal coeëcients. The extensive parameter space required for this
analysis motivated the development of Forge, an evaluation framework designed to
generate and validate the results systematically.

1.6.5 Forge
Forge, an Anvil extension, streamlines evaluation in computer graphics by ensuring
consistency, reducing errors, and improving reproducibility. It decouples evaluation
logic from rendering engines for seamless comparisons and supports decentralised
evaluations across diverse environments. Adaptable for both small experiments and
large-scale rendering studies, Forge veriaes techniques, compares performance, and
aids algorithm development, oêering a robust solution for reliable research.

1.6.6 CandelaDXR - Importance Sampling
Thiswork builds uponCandelaDXR, enhancing the light tracer implementation through
the addition of importance sampling. The motivation behind this improvement is to
provide the denoiserwith a cleaner input signal. Two optimisation techniques are intro-
duced: one inspired by next event estimation (NEE) and another utilising importance
maps. The study outlines these techniques, their implementation on theGPU, and eval-
uates their eêectiveness using eight distinct viewpoints across ave diêerent scenes. A
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variant of importance maps is found to outperform the other approach across multiple
scenes, demonstrating its general eêectiveness.

1.7 Contributions
This thesis presents several key contributions to the aeld of real-time physically based
rendering, with a speciac focus on the eëcient generation of caustics:

• Candela and CandelaDXR: A novel GPU-based light tracing framework was de-
veloped, demonstrating that light tracing, traditionally limited to oìine render-
ing, can be adapted for real-time caustics synthesis usingmodern hardware accel-
eration (DXR). The implementation includes both naive and importance-sampled
variants, showcasing signiacant improvements in convergence and quality.

• Anvil: A modular, visual debugging tool was introduced to facilitate the inspec-
tion and validation of complex rendering behaviours, particularly in stochastic
environments. Its atom-molecule abstraction enables extensible visualisation of
internal rendering states, aiding development and error diagnosis.

• Forge: An evaluation framework built atop Anvil, Forge enables systematic, re-
producible benchmarking and cross-engine comparisons of rendering methods.
It supports decentralised testing scenarios and contributes to standardised eval-
uation practices in rendering research.

• Spectral Denoising for Caustics: The thesis investigates denoising techniques
tailored speciacally to caustic signals. A comprehensive comparison of spectral
transforms and AI-based denoisers highlights the eêectiveness of curvelet-based
methods for high-frequency detail preservation, particularly in challenging light-
ing scenarios.

• Importance Sampling Strategies: A GPU-compatible importance sampling tech-
nique was developed, guided by dynamic probability distributions informed by
scenematerials and camera parameters. Thismethod signiacantly improves sam-
pling eëciency and output quality, particularly when rendering rebective and
refractive surfaces.

Together, these contributions advance the feasibility of real-time caustic render-
ing by addressing the algorithmic, diagnostic, and evaluative challenges that have tra-
ditionally constrained this domain.
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1.8 Thesis Structure
Chapter 2: Background introduces fundamental concepts in rendering, includingmath-
ematical foundations (solid angles and integration), radiometry (light measurement),
surface interaction models (BRDFs), the rendering equation, Monte Carlo methods,
path tracing, and software design principles like Entity Component System (ECS).

Chapter 3: Literature Review covers the evolution of ray-based rendering techniques,
from early ray casting tomodernmethods like path tracing, photonmapping, and spec-
ular manifold sampling, along with debugging tools and frameworks for evaluating
rendering systems.

Chapter 4: Anvil presents a visual debugging framework developed to address chal-
lenges in GPU-based physically based rendering, oêering eëciency, extensibility, and
bexibility through atom-molecule abstractions and real-time analysis tools.

Chapter 5: Light Tracing demonstrates superior eëciency for rendering caustics com-
pared to path tracing (PT), leveraging GPU acceleration and unbiased sampling while
overcoming challenges through a CPU reference implementation, Anvil debugging,
and optimised data structures.

Chapter 6: Forge describes an extensible evaluation framework for computer graphics
pipelines, addressing challenges such as noise reduction in light tracing and enabling
reproducible, decentralised evaluations throughmodular design andWebSocket-based
synchronisation.

Chapter 7: Spectral Denoising examines Fourier, wavelet, and curvelet techniques for
caustic denoising in Monte Carlo rendering, comparing them with conventional and
AI-based approaches through quantitative metrics.

Chapter 8: Importance explores improved light tracing techniques using importance
sampling to enhance caustic rendering at low sample rates, evaluates performance us-
ing various metrics, and analysis denoising results.

Chapter 9: Conclusion highlights the key andings of this research, consolidates the
principal contributions, evaluates the limitations of the proposed approaches, and iden-
tiaes promising directions for future investigation.
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2 Background
This chapter establishes the foundational knowledge required to understand the subse-
quent developments in this thesis. We begin by reviewing the essential mathematical
tools, including solid angles and various forms of integration, which are fundamen-
tal to describing and computing light transport. The core principles of radiometry are
then introduced to deane the physical quantities of light that a renderer must simu-
late. Following this, we explore models of surface interaction, such as the BRDF, and
present the Rendering Equation, which formally describes the problem of light propa-
gation in a scene. To address the computational challenges of solving this equation, we
cover key statistical methods like Monte Carlo integration and the path tracing algo-
rithm. Finally, we survey relevant software engineering concepts, spectral transforms,
search algorithms, image quality metrics, and modern denoising techniques that are
instrumental in achieving practical, high-quality rendering.

2.1 Mathematics
A solid mathematical foundation is crucial for the accurate formulation and computa-
tion of light transport. This section revisits key concepts from calculus and geometry,
with a particular emphasis on integration techniques and coordinate transformations.
These tools are indispensable for solving the high-dimensional integrals that arise in
rendering, such as the calculation of irradiance over a surface or the evaluation of the
rendering equation.

2.1.1 Solid Angle
In geometry, a solid angle quantiaes a region on the surface of a unit sphere and is
measured in steradians (denoted as Ω or sr). It is a useful measure for deaning the
aeld of view from a speciac point. A solid angle can range from 0 to 4π steradians,
with 4π representing the total surface area of a unit sphere. One steradian corresponds
to approximately 8% of the sphere’s total surface area. Conceptually, a solid angle is to
a sphere what a planar angle is to a circle (see Figure 2.1).

In rendering, the solid angle is used to describe directional quantities, such as
radiance and intensity, which represent energy transfer along a speciac direction. The
diêerential solid angle deanes a unique direction from the centre of a unit sphere. Its re-
lationship with the polar angle θ and the azimuthal angle ϕ is given by dω = sin θ dθ dϕ.
The derivation of this result is provided in an example within Section 2.1.4.
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Figure 2.1 The relationship between solid angle and polar coordinates [5]

2.1.2 Integration
Integration is awell-knownmathematical operation. At a high level, it can be conceptu-
alised as the inanite sum of inanitesimal changes in a variable. The integral’s deanition
via bounded Riemann summation is given below:

∫ b

a

f(x)dx = lim
N→∞

N
∑

n=1

f(a+ n∆x)∆x,∆x =
b− a

N
(2.1)

Integrating a one-dimensional function yields the total area under its curve. Figure 2.2
shows the graph of y = x2. This area is given by the following expression:

∫ 1

0

x2 dx = [
x3

3
]10 =

1

3
(2.2)

In the context of rendering, integration can be used to convert between related quanti-
ties, such as from radiance to intensity.

2.1.3 Double Integrals
Double integrals are used to integrate two-dimensional functions. Consider a function
h(x, y) that returns a height value for given inputs x and y. The double integral of h
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Figure 2.2 Graph of y = x2. The integral in green computes ∫ 1

0
x2 dx

yields the volume under the surface it deanes. For example:
∫ d

c

∫ b

a

h(x, y) dx dy (2.3)

A common notation for a double integral is:
∫

A

h(x, y) dA, dA = dx dy (2.4)

2.1.4 Surface Integrals
Asurface integral generalises the concept of a double integral to integration over curved
surfaces. In fact, a double integral can itself be considered a surface integral over a bat
plane. For instance, consider calculating the total power emitted by a surface. Given a
radiosity functionM(x, y)with units W ·m−2, the total emanating power is obtained by
integrating M over all surface elements dA:

P =

∫

A

M dA.

Figure 2.3 illustrates this concept, showing M discretised and multiplied by sixteen
inanitesimal surface elements dA.

Computing the integral above yields the total power emanating from the surface.
Surface integrals enable integration over any surface, notmerely simple rectangular do-
mains. Given a suitable parametrisation, a complex integral can be substantially sim-
pliaed. The general conversion formula is given in Equation 2.5, which maps surface
S onto surface T . In this process, the variables x and y are expressed as functions of s
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dA dA

dAdA

dA

dA

dA

dA

dA dAdAdA

dA dAdAdA

Figure 2.3 Radiosity M on a bat surface. red is high, blue is medium, green is low and
white is none

and t, allowing integration with respect to s and t. The term ∂(x,y)
∂(s,t)

denotes the Jacobian
determinant, shown explicitly in Equation 2.6.

∫

S

f(x, y) dS =

∫ ∫

T

f(x(s, t), y(s, t))

∣

∣

∣

∣

det
[

∂(x, y)

∂(s, t)

]∣

∣

∣

∣

ds dt (2.5)

∂(x, y)

∂(s, t)
=

[

∂x
∂s

∂x
∂t

∂y

∂s

∂y

∂t

]

(2.6)

It is also worth noting that Equation 2.5 can be expressed in vector form. Given a posi-
tion vector ~r = x~i+ y~j and a function f(x, y), the relationship becomes:

∫

S

f(x, y) dS =

∫ ∫

T

f(x(s, t), y(s, t))

∣

∣

∣

∣

∥

∥

∥

∥

∂~r

∂s
× ∂~r

∂t

∥

∥

∥

∥

∣

∣

∣

∣

ds dt (2.7)

An illustration of this parametrisation process is provided in Figure 2.4. In the
agure, a surface is parameterised such that inanitesimal changes ds and dt in the do-

Domain T

ds

dt

dT = ds dt

s

t

x

y

z
Surface S

r(
s,
t)

dS = |rs × rt| ds dt
rs ds

rt dt

Mapping r(s, t)

Figure 2.4 Surface integral mapping
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main T map to corresponding vectors rsds and rtdt on the surface, where rs is ∂~r
∂s
, and

rt is ∂~r
∂t
. Consequently, the diêerential area element is scaled by the magnitude of the

Jacobian, yielding dS = |||rs × rt||| ds dt. Thus, each inanitesimal step in the T domain
corresponds to a diêerential area on the surface S. This substitution facilitates the eval-
uation of the surface integral via a double integral over a bat, rectangular region, which
is typically more straightforward.

Change to Polar Coordinates

Transforming an integral into polar coordinates is advantageous when integrating over
a circular region. To perform this substitution, let x = r cos θ and y = r sin θ. The
Jacobian determinant for this transformation is computed as follows:

∂(x, y)

∂(r, θ)
=

[

∂x
∂r

∂x
∂θ

∂y

∂r

∂y

∂θ

]

=

[

cos θ −r sin θ
sin θ r cos θ

]

(2.8)

The determinant is:

r cos2 θ + r sin2 θ = r (2.9)

Therefore, the transformation becomes:
∫

S

f(x, y) dS =

∫ ∫

T

f(x(r, θ), y(r, θ)) |r| drdθ (2.10)

Given that the radius is always positive, Equation 2.10 simpliaes to:
∫

S

f(x, y) dS =

∫ ∫

T

f(x(r, θ), y(r, θ))rdrdθ (2.11)

Change to Spherical Coordinates

To parametrise a spherical surface using spherical coordinates, the standard substitu-
tions are applied: x = ρ sinϕ cos θ, y = ρ sinϕ sin θ, and z = ρ cosϕ.

∂~r

∂ϕ
=







ρ cosϕ cos θ
ρ cosϕ sin θ
−ρ sinϕ






,
∂~r

∂θ
=







−ρ sinϕ sin θ
ρ sinϕ cos θ

0






(2.12)

The vector matrix is constructed to compute the cross product.






î ĵ k̂

ρ cosϕ cos θ ρ cosϕ sin θ −ρ sinϕ
−ρ sinϕ sin θ ρ sinϕ cos θ 0






(2.13)
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Computing the determinant yields:






ρ2 sin2 ϕ cos θ
−ρ2 sin2 ϕ sin θ
ρ2 sinϕ cosϕ






(2.14)

The magnitude of the resultant vector is:
√

(ρ2 sin2 ϕ cos θ)2 + (ρ2 sin2 ϕ sin θ)2 + (ρ2 sinϕ cosϕ)2 (2.15)

which simpliaes to:
√

ρ4 sin2 ϕ sin2 ϕ+ ρ4 sin2 ϕ cos2 ϕ (2.16)

and further simpliaes to:
√

ρ4 sin2 ϕ = ρ2 sinϕ (2.17)

Given that sinϕ is non-negative for 0 ≤ ϕ ≤ π, the absolute value is unnecessary for
hemispheres. Therefore, the transformation yields:

∫

Ω

f dω =

∫ ∫

fρ2 sinϕdϕdθ (2.18)

Consequently, for the unit sphere (ρ = 1), the formulation becomes:
∫

Ω

f dω =

∫ ∫

f sinϕdϕdθ (2.19)

Relationship between Diêerential Solid Angle and Diêerential Area

Let the surface be parametrised by coordinates (ξ, η). The position vector r(ξ, η) de-
scribes a point on the surface. The inanitesimal area element is:

dA =

∣

∣

∣

∣

∂r
∂ξ
× ∂r

∂η

∣

∣

∣

∣

dξ dη (2.20)

A point r(ξ, η) on the surface corresponds to a direction û = r
|r| =

r
r
on the unit sphere.

The goal is to compute the diêerential solid angle dω, deaned as the area on the unit
sphere covered by small displacements dξ and dη. The partial derivatives of û with
respect to ξ and η are:

∂û
∂ξ

=
1

r

(

∂r
∂ξ
− (û · ∂r

∂ξ
)û
)

(2.21)
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∂û
∂η

=
1

r

(

∂r
∂η
− (û · ∂r

∂η
)û
)

(2.22)

The diêerential solid angle is given by themagnitude of the cross product of the deriva-
tives:

dω =

∣

∣

∣

∣

∂û
∂ξ
× ∂û

∂η

∣

∣

∣

∣

dξ dη (2.23)

Substitute the derivatives:

∂û
∂ξ
× ∂û

∂η
=

1

r2

[(

∂r
∂ξ
− (û · ∂r

∂ξ
)û
)

×
(

∂r
∂η
− (û · ∂r

∂η
)û
)]

(2.24)

Let us denote the tangent vectors:

tξ =
∂r
∂ξ
− (û · ∂r

∂ξ
)û, tη =

∂r
∂η
− (û · ∂r

∂η
)û (2.25)

These vectors tξ and tη lie in the tangent plane of the unit sphere at û. Now compute:

∂û
∂ξ
× ∂û

∂η
=

1

r2
tξ × tη (2.26)

Since tξ and tη are orthogonal to û, their cross product must be parallel to û:

tξ × tη = αû (2.27)

To and α, take the dot product with û:

û · (tξ × tη) = α(û · û) = α (2.28)

Now expand using the deanition of tξ and tη:

tξ × tη =
[

∂r
∂ξ
− (û · ∂r

∂ξ
)û
]

×
[

∂r
∂η
− (û · ∂r

∂η
)û
]

(2.29)

Now expand the cross product using the distributive property (and û× û = 0):

tξ × tη =
[

∂r
∂ξ
− (û · ∂r

∂ξ
)û
]

×
[

∂r
∂η
− (û · ∂r

∂η
)û
]

(2.30)

=
∂r
∂ξ
× ∂r

∂η
− (û · ∂r

∂η
)

(

∂r
∂ξ
× û

)

− (û · ∂r
∂ξ

)

(

û× ∂r
∂η

)

(2.31)

Taking the dot product with û (terms vanish because (e.g., û · ( ∂r
∂ξ
× û) = 0):

û · (tξ × tη) = û ·
(

∂r
∂ξ
× ∂r

∂η

)

(2.32)
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Thus:
|tξ × tη| =

∣

∣

∣

∣

û ·
(

∂r
∂ξ
× ∂r

∂η

)∣

∣

∣

∣

(2.33)

Let n = ∂r
∂ξ
× ∂r

∂η
be the surface normal vector. Then:

|tξ × tη| = |û · n| = | cos(θ)| |n| (2.34)

where θ is the angle between the surface normal and the radial direction û. Finally,
substitute back:

dω =
1

r2
|tξ × tη| dξ dη (2.35)

dω =
1

r2
| cos(θ)|

∣

∣

∣

∣

∂r
∂ξ
× ∂r

∂η

∣

∣

∣

∣

dξ dη (2.36)

dω =
| cos(θ)|

r2
dA (2.37)

2.2 Radiometry
Radiometry is a aeld of physics concerned with the measurement of electromagnetic
radiation. In rendering, we deal with the propagation of visible light, which constitutes
a subset of the electromagnetic spectrum. To render an image, renderers must be able
to measure the amount of energy that bows into the camera.

Radiant bux quantiaes the rate of radiant energy bow and is also termed radi-
ant power. Power represents the rate of energy transfer or conversion per unit time
(measured in Joules per second), which is equivalent to Watts. For instance, a surface
emitting heat without gaining energy from its surroundings is losing energy. The rate
at which this surface loses energy is its power output. Radiant bux is fundamental in
rendering as it underpins the deanition of power for light sources. A light source has
a power rating, much like the light bulbs in our homes. However, as renderers only
need to measure visible radiation, the power attributed to a light source should only
include radiation from the visible spectrum. Alternatively, renderers could compute
the full spectrum and, using photometric methods, render the visible spectrum at the
anal stage.

Irradiance is a measure of the amount of radiant bux incident upon a surface
and has units of Wm−2. Radiant exitance, sometimes called radiosity, is the amount
of radiant bux leaving a surface and shares the same units as irradiance. An example
of irradiance is solar irradiance, a measurement often provided by weather stations,
which can be useful for estimating the power generated by solar panels.

Intensity measures the amount of radiant bux bowing through a solid angle. In
rendering, it is typically used to model point lights, as this type of light source does not
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Quantity Symbol Unit Diêerential Form
Energy Q Joule (Ws) N.A.
Radiant Flux Φ Watt (W) dQ

dt

Irradiance E Wm−2 dΦ
dA

Radiosity M or B Wm−2 dΦ
dA

Intensity I Wsr−1 dΦ
dω

Radiance L Wm−2sr−1 dΦ
dAcosθdω

or dE
cosθdω

or dB
cosθdω

Table 2.1 Radiometric quantities

possess a surface area.
Radiance measures the amount of radiant bux transmitted or received by a sur-

face perpendicular to a given direction. It is therefore a directional quantity with units
of Wm−2sr−1. Radiance is the most important quantity in a renderer, as it accurately
depicts how much energy bows in a particular direction. A key property of radiance
is that it remains invariant along straight lines; that is, it does not attenuate with dis-
tance within a vacuum. Furthermore, in photometry, the counterpart to radiance is
luminance, a quantity often associated with perceived brightness.

Table 2.1 presents several key radiometric quantities, detailing their symbols,
units, and diêerential forms. Given a function for radiance, one can derive all of the
other key radiometric quantities. For example, assuming radiance is solely a function
of the azimuthal angle φ, such that L(φ) = (π − φ)2, the irradiance E incident upon a
surface can be found by integrating with respect to the solid angle ω. Therefore:

E =

∫ 2π

0

∫ π

2

0

(π − φ)2 cos(θ) sin(θ) dθ dφ (2.38)

E =
1

2

∫ 2π

0

(π − φ)2 dφ (2.39)

E =
π3

3
≈ 10.335Wm2 (2.40)

Furthermore, assuming a small tile with dimensions of 10cm by 10cm, the total
power incident upon it can be deduced as follows.

Φ =

∫ 0.1

0

∫ 0.1

0

E dx dy =
π3

3

1

10

1

10
=

π3

300
≈ 0.10335W (2.41)

2.3 Surface Interaction Models
When light interacts with a surface, it is either rebected or transmitted into thematerial.
The nature of this surface interaction is described by speciac models. This section will
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explain some of these models and their properties.
A BRDF describes the proportion of light rebected from a surface, which de-

pends on both the incoming and outgoing directions. Figure 2.5 illustrates the scatter-
ing behaviour of a BRDF. On the left, the energy from a single incoming ray is scattered
into multiple directions, while on the right, the energy from multiple incoming rays
is accumulated into a single outgoing ray. A BRDF is denoted by the function fr and
depends on two variables: an incoming direction and an outgoing direction. The prop-
erties of a well-deaned BRDF are enumerated below:

• Non-negativity: The range of fr must be non-negative (fr ≥ 0).

• Dimensionality: It is a function of two dimensions, or four when parameterised
using spherical coordinates.

• Reciprocity: It must obey Helmholtz reciprocity, i.e., fr(ωi, ωr) = fr(ωr, ωi).

• Energy Conservation: For all incoming directions ωi, the integral over the hemi-
sphere must satisfy ∀ωi,

∫

Ω
fr(ωi, ωr) cos(θr) dωr ≤ 1.

Figure 2.5 Left: An incoming yellow ray is scattered and distributed into multiple
green rays. Right: Multiple incoming green rays contribute their energy to form a

single outgoing yellow ray.

Bidirectional transmittance distribution functions (BTDFs) describe the propor-
tion of light transmitted through a surface in a speciac direction, given an incoming
direction. BTDFs model phenomena such as refraction and consequently incorporate
the Fresnel term. Abidirectional scattering distribution function (BSDF) can be concep-
tualised as a combination of the BRDF and BTDF. This implies that a BSDF can scatter
light into any direction over the unit sphere, whereas the BRDF and BTDF are conaned
to scattering light over a unit hemisphere. More general forms, such as the bidirec-
tional scattering-surface distribution function (BSSDF), also exist. In this model, light
entering at one point on a surface may exit from a diêerent point, thereby simulating
sub-surface scattering.
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2.3.1 BRDF Models
Montes and Ureña [6] classify BRDFs into three categories: empirical, theoretical, and
experimental. Empirical BRDFs prioritise computational speed with no consideration
for physical accuracy. Theoretical models are slower but simulate physics with high
precision, while experimental ones are acquired using a goniophotometer or by ap-
proximating rebectance data with an analytical expression, such as through atting.
BRDFs are further classiaed as isotropic or anisotropic. Isotropic rebection occurswhen
light is rebected uniformly regardless of the material’s rotational orientation. In con-
trast, anisotropic materials exhibit rebection that depends on this rotational orienta-
tion; brushed steel is a typical example. Figure 2.6 illustrates this distinction with two
spheres, one featuring an isotropic material and the other an anisotropic one. Ideally, a
BRDF should observe the following properties:

• Physically Plausible: It must be positive, reciprocal, and energy-conserving.

• Expressive: Its behaviour should be adjustable via intuitive parameters.

• Usable: It should be capable of representing a wide range of materials.

• Realistic: Its output should closely match nature, exhibiting eêects such as direc-
tional diêuse rebection and Fresnel behaviour.

Figure 2.6 Left: Isotropic rebection; Right: Anisotropic rebection [7]
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Lambertian BRDF

A diêuse material rebects light approximately uniformly in all directions. The simplest
model for this behaviour is the Lambertian model, which assumes that incident light is
scattered equally in every direction. It is deaned as a constant function in Equation 2.42.
The term ρd denotes the albedo, a value in the range 0 ≤ ρd ≤ 1, where 0 signiaes total
absorption and 1 signiaes total rebection. The factor of 1

π
serves as a normalisation

constant, ensuring energy conservation for this model.

fr =
ρd

π
(2.42)

The Lambertian BRDF is physically plausible; it is always positive, as it is a con-
stant function. It automatically satisaesHelmholtz reciprocity and is energy-conserving.
In the worst-case scenario, where ρd = 1, Equation 2.45 demonstrates that it is indeed
energy-conserving.

∫

Ω

1

π
cos(θr) dωr ≤ 1 (2.43)

Applying Equation 2.19 yields:

1

π

∫ 2π

0

∫ π

2

0

cosϕ sinϕdϕdθ ≤ 1 (2.44)

1

2π

∫ 2π

0

dθ ≤ 1 =⇒ 1 ≤ 1 (2.45)

Phong BRDF

The Phong BRDF [8] models a specular surface, which rebects light predominantly
around the rebection vector. Real-world specularmaterials are not always idealmirrors;
they often exhibit perturbations that result in a glossy appearance. The Phong BRDF
aims to model this behaviour. It is an empirical cosine-lobe model that remains in use
in some applications today. The Phong equation is shown in Equation 2.46, where L is
the viewer direction, R is the rebection vector (derived from the light direction), and
n is the Phong exponent. A higher value of n results in a more mirror-like material.
The constant ks, in the range 0 ≤ ks ≤ 1, represents the ratio of specular rebectance to
absorption.

The Phong BRDF is always positive, as it is clamped to zero when the angle
between the rebection and viewer vectors exceeds 90 degrees. It obeys Helmholtz reci-
procity but is not energy-conserving. The modiaed Phong model [9], given in Equa-
tion 2.47, introduces a normalisation constant, n+2

2π
, which guarantees energy conserva-

tion. The modiaed Phong BRDF is therefore physically plausible.
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Other Phong-based BRDFs exist, such as the Blinn-Phongmodel [10]. This vari-
ant uses the angle between the halfway vector and the surface normal instead of the
rebection andviewing vectors (see Equation 2.48). Thismodiacation yields superior vi-
sual results, particularly when the angle between the rebected direction and the viewer
exceeds 90 degrees. Equation 2.49 presents the Blinn-Phong BRDF with an added nor-
malisation factor to ensure energy conservation1.

fr = ks(R � L)n (2.46)

fr =
ks(n+ 2)(R � L)n

2π
(2.47)

fr = ks(N �H)n (2.48)

fr =
ks(n+ 2)(n+ 4)(N �H)n

8π(2−n/2 + n)
(2.49)

Others

Other notable BRDF functions include the Cook-Torrance [11], Oren-Nayar [12], and
GGX [13]models. The Cook-Torrancemodel was the arst to introduce a class of models
based on the concept of microfacets. In these models, rough surfaces are represented
as a collection of microscopic surface elements, or microfacets. Surfaces that appear
smooth are modelled with microfacets that are largely aligned, whereas surfaces that
appear rough are modelled with randomly oriented microfacets. Furthermore, these
microfacets can rebect light oê one another and cast shadows on adjacent microfacets.

2.4 The Rendering Equation
The rendering equation [2] is a Fredholm integral equation of the second kind with
no analytical solution. It describes the radiance Lo emitted from a surface point x in
direction ωo. To compute this value, the integral accounts for all incoming radiance Li

arriving at point x from every direction ωi over the sphere centred at x. Equation 2.50
presents themore general form of the rendering equation, which also depends on time t
and spectral frequency λ. The inclusion of λ allows for themodelling of spectral disper-
sion, while the time variable t enables the simulation of motion blur. The cos(θi) term
represents the cosine of the angle between the incoming radiance Li and the surface
normal at point x. This can also be expressed in dot product form as ωi · n̂. The domain

1http://www.farbrausch.de/~fg/stuff/phong.pdf
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of integration Ω typically represents either a hemisphere or a full sphere around point
x. For example, when modelling rebection only, Ω is deaned over the hemisphere. The
term fr is the BRDF, as detailed in Section 2.3.1.

Lo(x, ωo, λ, t) = Le(x, ωo, λ, t) +

∫

Ω

fr(x, ωi, ωo, λ, t)Li(x, ωi, λ, t)cos(θi) dωi (2.50)

More general forms of the rendering equation exist to model more complex phe-
nomena, such as subsurface scattering. However, for our purposes, the formulation
provided in Equation 2.50 is suëcient.

2.4.1 The Importance Equation
The adjoint quantity to radiance, known as importance, describes how sensitivity to light
propagates backward from the sensor through the scene. It forms the basis of adjoint
light transport algorithms such as light tracing and bidirectional path tracing. Unlike
radiance, which quantiaes the bow of light energy from emitters to sensors, importance
expresses the relative sensitivity of the sensor to radiance arriving at a surface point
from a given direction, indicating how strongly such radiance contributes to the anal
image.

The importance equation shares the same physical factors as the rendering equa-
tion i.e., visibility, geometry, and material rebectance, but evaluated in reverse. It is de-
aned in Equation 2.51, where W is the importance function, We the emitted (or direct)
importance (for a pinhole camera, typically 1 if visible, 0 otherwise), and fr the BRDF
which is used here under the assumption of Helmholtz reciprocity.

W (x, ωo, λ, t) = We(x, ωo, λ, t) +

∫

Ω

fr(x, ωi, ωo, λ, t)W (x, ωi, λ, t) cos(θi) dωi (2.51)

The total buxΦmeasured by a sensor is then obtained by integrating the product
of radiance and importance over all positions and directions, as shown in the measure-
ment equation in Equation 2.52. This formulation shows that image formation results
from the coupling of radiance (light transport) and importance (sensor sensitivity).

Φ =

∫

A

∫

Ω

L(x, ω)W (x, ω) cos(θ) dω dA (2.52)
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2.5 Monte Carlo
Monte Carlo methods are employed to approximate the value of integrals that lack an
analytical solution. The fundamental principle of these methods is that the expected
value of the estimator converges to the true solution given a suëcient number of sam-
ples. Consider the integral I , where Ω is the domain of integration:

I =

∫

Ω

f(x) dx (2.53)

An estimate for I is obtained by averaging a number of samples, xi, eachweighted
by the reciprocal of its probability density.

〈I〉 = 1

N

N
∑

i=1

f(xi)

p(xi)
(2.54)

From probability theory, the expected value of the estimator 〈I〉 is

E[〈I〉] = E[
1

N

N
∑

i=1

f(xi)

p(xi)
] (2.55)

E[〈I〉] = 1

N

N
∑

i=1

E[
f(xi)

p(xi)
] (2.56)

E[〈I〉] = 1

N
N

∫

Ω

f(x)

p(x)
p(x) dx (2.57)

E[〈I〉] =
∫

Ω

f(x) dx (2.58)

E[〈I〉] = I (2.59)

2.6 Path Tracing
Path tracing is a Monte Carlo rendering technique that simulates global illumination
by statistically estimating the light transport equation. At its core, it approximates the
integral of radiance arriving at a camera by randomly sampling light paths through the
scene. For each pixel, multiple rays are traced from the camera into the scene, bounc-
ing oê surfaces according to material properties (e.g., diêuse, specular) and terminat-
ing probabilistically via Russian roulette. Each path’s contribution is weighted by its
probability, ensuring an unbiased estimate of the pixel’s colour. Since light transport
is inherently high-dimensional, brute-force computation is infeasible. Monte Carlo in-
tegration provides a practical solution by using random sampling to converge toward
the correct solution over time.
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2.7 Candela
Candela [14] is a CPU-based, cross-platform rendering engine implemented in C++.
Designed for clarity and extensibility, it supports loading geometry and lighting con-
agurations while providing a straightforward codebase for modiacation. The renderer
includes advanced features such as multithreaded path tracing, tiled rendering, and
variance-based adaptive sampling, yet maintains a modular architecture that simpli-
aes the integration of new rendering techniques. Its current shading model focuses
on fundamental material types (e.g., diêuse and specular), avoiding unnecessary com-
plexity. This combination of simplicity and adaptability makes Candela particularly
suitable for research-oriented rendering projects, where a clean foundation is essential
for prototyping and evaluating novel algorithms.

2.8 Software Design
The ECS is a data-driven design pattern popular in game architecture [15] and other
performance-critical software systems, such as simulations. Scott Bilas [16] introduced
the idea of a data-driven approach to gamedesign in a presentationwhere the problems
resulting from the use of object-oriented programming (OOP) in the context of Mas-
sively Multiplayer Online (MMO) games were discussed. Bilas explained that OOP
often leads to a deep inheritance hierarchy that inhibits code modiacation To circum-
vent this, developers sometimes resort to shortcuts such as hoisting, which results in
large, monolithic classes. In such games, the use of OOP can lead to a database being
hard-coded into a class hierarchy. Instead, Bilas introduced the concept of a component
system, where each component is a self-contained piece of game logic. The game object,
an item that represents a particular object or element in a game, stores a list of such
components. The key idea is that an application whose functionality is centred around
data cannot work by data-driving object properties but by data-driving the structure of
objects.

Martin [17] furthered Bilas’s work by reaning the component system into an
ECS. Martin deanes an entity to simply be a globally unique identiaer (GUID), a com-
ponent to store raw data that provides an aspect to an entity and anally a system where
all logic acting on component data is placed. ECS is powerful when data is the main
driver, because it allows one to change an object’s capabilities simply by adding and
removing components. Achieving the same bexibility in classic OOP would necessi-
tate modiacations to the class hierarchy. ECS oêers improved performance through
cache-friendly data organisation, enhanced bexibility, and better code reusability. Its
principles align with data-oriented design, emphasising eëcient data layout and pro-
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cessing. This makes ECS well suited for scenarios involving large numbers of objects or
entities and has expanded to other domains requiring high performance and scalability,
as seen in its adoption by modern game engines and software frameworks.

2.8.1 Software Quality Attributes
Software quality attributes facilitate the evaluation of a system’s performance with re-
spect to speciac characteristics. They also enable the comparison of diêerent systems
and are instrumental in guiding design decisions.

Extensibility is a quality attribute thatmeasures the easewithwhich software can
be expanded over time. Szyperski and Clemens [18] state that extensible systems are
modular, and that independent extensibility is a desirable property. This means that
extending an application does not require global knowledge, and that extensions are
mutually exclusive, i.e., they do not depend on one another. One method for quantify-
ing extensibility in an application is to count the number of extensible methods.

Flexibility is another key software quality attribute. Software is considered bexi-
ble if it can be readily modiaed to incorporate new functionality for use in diêerent do-
mains. Flexibility is directly related to the volume of code that is aêected by a change.
Eden et al. [19] quantify bexibility by introducing the concept of evolution complex-
ity. An evolution function is used to characterise development steps, which are then
evaluated using a cost metric. They conclude that bexibility is indeed related to the
magnitude of change within the code base, and that while an implementation may be
bexible with respect to one class of changes, it is inherently inbexible towards others.

2.9 WebSockets
WebSocket is a communication protocol enabling full-duplex, bidirectional communi-
cation between clients and servers over a single TCP connection. Conceived by IanHick-
son and Michael Carter in 2008 as part of the HTML5 initiative [20], it was standard-
ised by the Internet Engineering Task Force (IETF) in 2011 [21]. WebSocket addressed
limitations of HTTP-based solutions for real-time web applications, evolving from ear-
lier techniques like Comet [22] and long polling. The protocol has gained widespread
adoption across major web browsers and server technologies, becoming fundamental
for building interactive and real-time web applications such as live chat, gaming and
anancial trading platforms [23].

27



2 Background

2.10 Spectral Transforms
The 2D Discrete Fourier Transform (DFT) is a mathematical operation that converts
a 2D function or image from the spatial domain to the frequency domain. In Fourier
transforms, the signal is decomposed using sine and cosine functions as fundamental
components. The frequency domain allows for altering and subsequent transformation
back to the spatial domain using the Inverse Fourier Transform. Commonalters include
low-pass and high-pass alters. When altering an image for denoising purposes, certain
frequencies, potentially associated with noise, are reduced to produce a clearer image.
However, Fourier transforms have a global nature, meaning that changing a single pixel
in one domain can impact the entire image when reverting to the other domain. For
example, applying a low-pass alter to the frequency domain of an image results in the
attenuation of that frequency throughout the spatial domain of the image.

Discrete Wavelet Transforms (DWTs) [24, 25] enable signal analysis across mul-
tiple resolutions. By employing thewavelet transform, it is possible to scrutinise the fre-
quency characteristics of an image at speciac locations. Furthermore, precise frequency
altering can be executed, allowing for the selective altration of frequency bands within
particular regions of the image. At a fundamental level, wavelets function through
decomposing the image using both a low-pass alter (representing average coeëcients)
and a high-pass alter (representing detail coeëcients). The low-frequency components
are iteratively subdivided until the desired frequency resolution is achieved. There are
a variety of wavelets to select from, with the choice being contingent upon the intended
application and desired attributes. Essentially, diêerent wavelets excel at extracting
distinct signal features; for instance, one may be more adept at isolating noise, while
another may be more eêective at image compression.

Curvelets [26] extend the functionality of wavelets with a focus on maintaining
curve-like structures within images. Unlike wavelets, which decompose images along
horizontal, vertical, and diagonal axes, curvelets can analyse images at diverse angles.
Curvelets introduce the notion of wedges, which represent angular sectors in the fre-
quency domain. These wedges enable directional altering of images, similar to spatial
altering in wavelets. Consequently, curvelets are well-suited for addressing rendering
phenomena that prominently feature curves, such as caustics.

2.11 Search
Bayesian optimisation with Gaussian processes represents a hyperparameter search
technique [27]. This method constructs a model of the function’s appearance by estab-
lishing a conadence interval along the mean of the function between sampled points.
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It proves particularly beneacial when dealing with costly functions to minimise, as it
reduces the number of necessary calls.

The Nelder-Mead [28] algorithm represents a direct search approach (without
utilising gradients). It employs a simplex, which changes shape throughout iterations
until all vertices converge, facilitating minimisation. While straightforward, it may ex-
hibit slow convergence, particularly in higher dimensions. However, it demonstrates
robustness to noise and is well-suited for non-smooth functions. Powell’s [29] method,
on the other hand, operates as a direct search conjugate direction technique. It navi-
gates towards a minimum by traversing computed directions across the domain. This
method proves eëcient for smooth functions and higher dimensions. COBYLA [30]
constitutes another direct search method, employing linear approximations of the ob-
jective function. It can also be applied to constrained minimisation tasks. However, its
linearity may result in lower accuracy compared to alternative methods.

Non-direct searchmethods such as limited-memoryBroyden-Fletcher-Goldfarb-
Shanno with boundaries (L-BFGS-B)[31, 32], truncated Newton conjugate gradient
(TNC)[33], sequential least squares programming (SLSQP)[34], and trust-constr[35,
36] typically approximate the gradient to facilitate the search. L-BFGS-B, a variant of
Broyden–Fletcher–Goldfarb–Shanno (BFGS) with limited memory and bounded con-
straints, employs a quasi-Newton approach to approximate the Hessian, a matrix of
second-order partial derivatives describing the function’s curvature at a point. It is
well-suited for smooth, convex functions and performs eêectively in high-dimensional
scenarios. SLSQP, also a quasi-Newton method, excels when the objective function is
smooth and diêerentiable but may not scale as eëciently as L-BFGS-B in higher dimen-
sions. TNC is adept at handling large-scale problems byutilising the conjugate-gradient
method to approximate the gradient, demonstrating better scalability to higher dimen-
sions and faster convergence forwell-conditionedproblems. trust-constr utilises a trust-
region approach, employing amodel of the function (typically linear or quadratic) con-
sidered suëciently accurate. The region expands if the model is deemed reliable and
contracts otherwise, making this algorithmmore robust and suitable for ill-conditioned
functions.

2.12 Image Quality Metrics
Image quality metrics assess diêerent visual aspects of an image. Mean Squared Error
(MSE) yields a high score when the content of two images is similar but their struc-
ture diêers signiacantly. However, it is prone to outliers because larger diêerences are
penalised more due to the quadratic nature of the formula. Peak signal-to-noise ra-
tio (PSNR) calculates the peak signal-to-noise ratio, with a higher MSE resulting in a
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better PSNR score, and vice versa. Structural Similarity Index (SSIM) is a perception-
based model that considers three distinct similarities: luminance, contrast, and struc-
ture. These components are relatively independent and are amalgamated to form the
structural similarity index [37]. Unlike MSE, SSIM is less aêected by diêerences in
brightness, as this only inbuences the luminance component of this metric.

Modern approaches may be more suitable for images featuring high dynamic
range (HDR), which is typically produced by renderers. High-Dynamic-Range Visual-
Diêerence-Predictor v3 (HDRVDP3) [38] stands out as a modern image comparison
metric that integrates a precise model of the human visual system. It simulates how
the eye responds to diverse stimuli, including contrast sensitivity, luminance masking,
luminance adaptation, and even considers pupil ageing. The key aspect of this metric
lies in its neural model for contrast sensitivity and contrast masking, which predicts
the visual system’s ability to detect and distinguish patterns. Unlike its predecessors,
HDRVDP3 introduces an additional parameter known as the task, which, in our con-
text, is conagured as side-by-side. As implied by the task name, this setting evaluates
images as if a human were comparing them directly alongside each other.

FLIP [39, 40] is speciacally tailored for images generated by rendering software.
It assesses the perceptual diêerence experienced by humans when viewing two rapidly
alternating images. The rationale behind this method stems from the common practice
among graphics researchers who analyse and evaluate image quality in this manner.
According to the authors, FLIP is adept at detecting diêerences in point-like structures
such as arebies, which holds signiacance in Monte Carlo-based rendering techniques.
Originally designed for low dynamic range (LDR) images, HDR- FLIP overcomes this
limitation by generating multiple LDR images from an HDR image through exposure
compensation and tone-mapping. These LDR images are then merged to derive a anal
score.

Building on these perceptual models, the Learned Perceptual Image Patch Simi-
larity (LPIPS) metric [41] takes a data-driven approach by leveraging the internal acti-
vations of deep convolutional neural networks. The key anding is that the feature repre-
sentations within a network, even across diêerent architectures (SqueezeNet, AlexNet,
VGG) and levels of supervision (supervised, self-supervised, or unsupervised), pro-
vide an embedding where distance correlates remarkably well with human perceptual
judgements. This suggests that perceptual similarity is an emergent property of deep
visual representations tuned to predict structure in the world. The LPIPS metric com-
putes the distance between two images in this deep feature space, and its performance
can be further improved by ”calibrating” the features on a large-scale dataset of human
judgements (the BAPPS dataset)]. It was shown to outperform previous metrics like
SSIM by a large margin on a variety of distortions and real algorithm outputs.
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2.13 Denoising
Spatiotemporal Variance-Guided Filtering (SVGF) [42] is a denoising technique ap-
plied over time, interpolating reprojected values between consecutive frames through
a combination of bilinear altering and exponential moving average. While temporal
luminance variance is calculated over time, spatial estimation is employed for disocclu-
sion cases, utilising the G-buêer to steer a bilateral alter. This process further engages
a hierarchical à-trous wavelet alter[43] to appropriately denoise or blur the luminance.
The luminance is then modulated back to generate the anal image.

ReLAX [44], developed by NVIDIA, serves as an enhancement to SVGF. While
initially tailored for compatibilitywith theReSTIR algorithm, it is not restricted to it. Re-
LAX reanes various stages of the SVGFpipeline and introduces novel elements. It parti-
tions the signal into diêuse and specular components due to their distinct behaviours.
For example, handling motion vectors diêers since specular rebections are view de-
pendent. Despite this diêerentiation, denoising for both components is concurrently
computed. Surface modulation for each component also undergoes distinct computa-
tions, for instance, for the specular component a pre-integrated specular BRDF is re-
quired. Furthermore, temporal reprojection employs a diêerent approach, using plane
distance instead of depth diêerence to validate reprojection. Bicubic resampling is now
integrated during reprojection for certain scenarios. Notably, large disoccluded areas
are addressed with a sparse alter instead of the bilateral alter, broadening the regions
where approximation samples are gathered. To mitigate responsiveness issues related
to history accumulation, ReLAX implements fast history accumulation, accumulating
data from 3 to 10 frames and employing a method inspired by Temporal Anti-Aliasing
to clamp normal history (which may extend up to 50 frames) to fast history. Moreover,
ReLAX incorporates a rank-conditioned rank-selection alter for areby suppression. Ad-
ditionally, unlike SVGF, additional edge-stopping functions are utilised for the specular
component.

ReBLUR [45] employs a hierarchical denoising approach based on recurrent spa-
tiotemporal altering, where the denoised outcome from the preceding frame acts as the
historical reference in the current frame. This strategy reduces the computational ex-
pense of spatial altering per frame. Furthermore, ReBLUR is compatible with checker-
board rendering. The workbow of ReBLUR begins with a pre-blur stage, designed to
soften outliers. Subsequently, temporal accumulation occurs, allowing for the accumu-
lation of data fromup to 64 frames. ReBLUR then generates the initial fourMIP levels of
the accumulated diêuse, specular, and viewZ buêers, which are utilised in the history
ax pass. In instances where historical data is absent, such as disocclusion scenarios, in-
stead of employing a broad spatial alter, which is computationally demanding, diverse
MIP levels are employed for history reconstruction. Following this, ReBLUR applies a
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dual-pass blur to the output and conducts temporal stabilisation, which also includes
anti-lag mechanisms as it maintains its own historical data.

NVIDIA’s OptiX AI-accelerated denoiser [46] utilises deep convolutional net-
works to reconstruct Monte Carlo global illumination images from highly noisy inputs,
speciacally tailored for scenarios with limited samples per pixel. The neural network
undergoes training with tens of thousands of images per scene, with recurrent neural
networks employed to ensure temporal stability and to gather additional illumination
details over time. Within the autoencoder architecture, each layer comprises recurrent
blocks that decrease resolution capacity by a quarter through subsampling during en-
coding, and then upsample by 4 during decoding. Each recurrent block is composed
of three convolution layers: the arst receives input from the preceding block and the
arst in the whole chain receives input from the noisy RGB, normal, depth, and rough-
ness textures from the current frame. The second and third layers additionally take
input from the hidden block in the encoding layer, representing the state of the recur-
rent block from the previous frame, thus contributing to temporal stability by providing
feedback. Skip connections are integrated to link encoder and decoder layers, aiding in
the retrieval of lost information during the encoding and decoding processes.

2.14 Summary
This chapter provided a comprehensive overview of the fundamental concepts under-
pinning modern rendering. We began with the mathematical and radiometric princi-
ples necessary to quantify light transport, then explored the physical models governing
surface interactions and the formalisms describing global illumination. The discus-
sion extended to the statistical methods, like Monte Carlo integration and path tracing,
used to solve these problems computationally. Finally, we surveyed the software design
patterns, image quality metrics, and advanced denoising techniques that are essential
for building eëcient, high-adelity rendering systems. Together, this background es-
tablishes the necessary foundation for the contributions presented in the subsequent
chapters of this thesis.
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This chapter surveys the aeld of light transport simulation, with a critical focus on the
persistent challenge of rendering caustics in real-time. The objective of this review is
to identify and justify the selection of an algorithmic approach that is suitable for high-
performance implementation on modern GPU architectures.

The analysis begins by examining the foundational landscape of unbiasedMonte
Carlo methods, from path and light tracing to the more robust bidirectional path trac-
ing. This establishes the core sampling problem that all subsequent methods aim to
address. We then analyse biased but consistent techniques, such as photon mapping
and radiosity, which trade theoretical perfection for practical eëciency.

The discussion then progresses tomodern oìine solutions, particularly specular
manifold exploration, which represents the current state-of-the-art for solving complex
caustic paths. Furthermore, we investigate contemporary real-time frameworks like Re-
STIR, acknowledging their transformative impact on general global illumination while
critically assessing their speciac limitations in handling high-frequency caustic paths.

Finally, the chapter concludes by reviewing supporting work in adjacent aelds
that enable our contributions: tools for debugging and proaling rendering pipelines,
specialised techniques for real-time caustics, evaluation frameworks, and denoising
methods tailored for caustic signals.

3.1 Ray-based
The use of ray-based techniques in the context of computer graphics arst appeared in
1968 [47] where ray casting was used both to determine whether points in world space
are occluded and to reproject a surface point to the eye. The time spent to render an im-
age was about 30 minutes and Appel [47] improved this by casting rays on the contour
lines of the occluders, in order to project shadows more eëciently and then projected
the scene in the image plane line by line using the cutting-planes method. Interestingly,
the term ray casting was coined by Roth [48].

Ray based rebections and refractions were arst explored byWhitted [49], where
the ray casting technique was repeatedly used at each intersection to gather light and
is today known as recursive ray tracing. Whitted paved the way for further techniques
such as distributed ray tracing where multiple rays are used to render phenomena such
as depth of aeld and soft shadows [11]. This showed how powerful ray based algo-
rithms were, because not only could they be used for simple visibility tests, but also for
light transport.

In 1986, the light transport problem was formalised by Kajiya [2] with the ren-
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dering equation. The rendering equation describes a recursive integral which mirrors
Whitted’s recursive ray tracing and leads to path tracing. In addition to this, Kajiya
discussed several methods to approximate this equation, including but not limited to
Monte Carlo integration.

Path tracing is probably the most naive way of approximating the rendering
equation. A ray starts from the camera and is traced until an object is hit in the scene.
The surface material at the hit point is queried and it is arst determined whether the
surface is emissive. If it is, the radiance is added to the result. Then, from the point
on the hit surface, a new ray is traced into the scene and the process is repeated until
a condition is met. If the repetition is stopped abruptly by simply limiting the depth,
the result will be biased. Consider the case where rays are terminated at depth n. This
means that all paths of depth n + 1 and over are culled and the result of such rays is
assumed to be zero. In other words, this means one would simply be computing the
arst n+ 1 terms of the Neumann representation of the rendering equation. In order to
keep the result unbiased, russian roulette can be used to terminate the repetitive pro-
cess. Russian roulette works by assigning a non-zero probability that decideswhether a
new ray will be cast. Generally, the more the ray depth increases, the more likely it is to
terminate a path. This way, in theory, paths of any length can be sampled. This method
works because the result is divided by the probability of taking a ray. Therefore, a rare
path will be weighted more than a common path.

Although path tracing generates the correct solution, convergence is slow even
for oìine use. A variation of this algorithm uses NEE where at every surface hit point,
shadow rays are launched towards emissive surfaces. Radiance calculation is made
possible by using the surface formulation of the rendering equation where the integral
is taken with respect to all surfaces in the scene. In turn, this is made possible using
the substitution dω = cos θdA

r2
. This variation drastically improves convergence for scenes

with a large number of diêuse surfaces. However, due to the r2 term in the denominator,
the variance of the result increases due to the approaching singularity when r is close
to zero [50].

Light tracing was introduced by Arvo et al. in 1986, at the time known as back-
ward ray tracing [51]. This method uses ray tracing but, instead of starting from the
camera, rays are traced starting from the light sources. An illumination map is used as
a pre-pass to store the amount of energy that is deposited on a partially diêuse surface.
Whenever energy arrives on a particular texel (texture pixel), the energy is bilinearly
distributed among the four corner points (data points) making up the surface. Query-
ing the intensity on a point of the surface is done in a similar fashion by interpolating the
four data points. The intensity at each data point is then calculated by dividing the ac-
cumulated energy by the unit surface area. The illumination map is further populated
by repeating this process recursively. After it is constructed, a renderer can simply add
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its values to the diêuse component when querying the related surface.
Light tracing has the advantage of rendering causticswell in certain scenes. How-

ever, there are scenes where both path tracing and light tracing cannot render diëcult
paths eëciently. Figure 3.1 shows such a scene where a light source is enclosed inside
an open box. The open side of the box faces the ceiling and there is only a small gap
where light can escape. In the case of path tracing, there will be very few paths that
make it inside the box. For light tracing, this scenario is a bit easier; some light rays will
manage to escape however convergence will still be low.

Figure 3.1 Diëcult case for path tracing (adapted from [7])

Lafortune & Willems [9] tackle this issue with bidirectional path tracing, a tech-
nique that combines path and light tracing together. The algorithm works by aring a
ray from the camera and letting it propagate through the scene until the path is termi-
nated using russian roulette, as is normally performed with naive path tracing. All the
intersection points are saved in a list. Then, a ray is ared starting from a light source
and is also let to propagate in the scene. Again, the intersection points are saved in a list.
The intersection points from each list are then joined together in all possible ways using
shadow rays and a weight is associated with each connection. Then, all the connected
paths’s contributions are added to the image.

Figure 3.2 illustrates the algorithm. The left path (light, x0 to x3) is connected
with the right path (eye, y0 and y1) using multiple shadow rays. The weights (Cxy) are
used so that when multiple paths of the same length are produced, the energy is not
duplicated. For example, path y0, x2, x1, x0 and path y0, y1, x1, x0 have length 4. Their
weights, C21 and C12 must add up to 1. If no weights are applied, it would be as if we
generated two samples for paths of length 4, and we would be doubling the energy. In
general, as long as equation 3.1 holds, any weights can be selected.

∀N : N,
N
∑

i=0

Ci,N−i = 1 (3.1)
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Figure 3.2 Bidirectional path tracing (adapted from [9])

The liberty to select weights implies that multiple sampling strategies can be
used. A strategy may be weighted more than another one, depending on materials
or other events. Modern bidirectional path tracers make use of multiple importance
sampling, where more than one sampling technique is used to evaluate a given inte-
gral [52].

3.2 Radiosity
The radiosity algorithm introduced by Goral et al. [53] is a method that performs shad-
ing in scenes consisting mainly of diêuse materials. The surfaces describing the scene
are subdivided into small patches. The greater the number of patches, the more ac-
curate the result. For each patch, the method calculates the amount of radiosity that
the other patches are contributing to the current patch. This is achieved by calculat-
ing the form factor, the fraction of energy leaving one patch and arriving at the other
one. While this method produces realistic results, it is biased. This bias stems from the
fact that the scene is discretised and is inversely proportional to the number of patches.
However, this method is not stochastic and therefore it is not prone to the grainy noise
that is usually observed in stochastic methods. A better global illumination solution
in this case requires the addition of other methods such as path tracing to compute
view-dependant eêects like specular rebections.
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3.3 Photon Mapping
Photon mapping [54] is a two-pass method that is similar to light tracing. In the arst
pass, the photonmap is constructed. A predetermined number of photons is ared from
all the light sources into the scene and are stored in a photon map, which is a data
structure that stores the position that the photon hit, the energy deposited, and the
direction that the photon came from. Jensen et al. recommend a kd-tree as the data
structure for the photon map. The directional distribution of the emitted photons is
proportional to the power/direction curve of the emitter [55]. For instance, for area
light sources, power is cosine distributed with respect to the polar angle (Lambert’s
cosine law). For eëciency, Russian roulette is used to determine whether a photon is
absorbed, rebected or transmitted.

The secondpass is performedduring shading. Using the photonmap, the shader
queries the nearest photons around the point of interest, which is chosen by tracing a ray
from the eye into the camera. The direction and power together with the surface BRDF
are then used to estimate the radiance at that point within the surrounding sphere. One
problemwith thismethod is that energymay leak frompositions that are beyond reach.
Figure 3.3 illustrates the problem. Photons on the other side of the wall are being in-
cluded in the radiance estimation step. To improve this estimate, a alter kernel can be
used. For instance, a kernel could weigh photons near the interest point higher than
farther ones. Kang et al. [56] summarise a number of kernel alters in their state-of-
the-art paper. These include Cone, Epanechnikov, Quartic and Gaussian alters. As the
rendering equation can be split into several components, so can the photon maps. This
gives the advantage of concentratingmore photonswhere is needed themost. Typically,
caustics maps are more dense than indirect lighting maps, and specular rebections are
still ray based.

Figure 3.3 Energy leak in photon mapping (adapted from [57])

The photon mapping algorithm is biased but consistent. Increasing the number
of photons reduces the bias and theoretically an inanite number of photonswouldmake
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the algorithm unbiased. Additionally, the lookup region aêects both the variance and
bias. If the radius of the sphere is decreased, bias decreases and variance increases
while if the radius is increased, bias increases and variance decreases.

There have been numerous advancements and variations in photon mapping.
These include photon splatting [58], photon tracing [59], progressive photon map-
ping [60] and photon relaxation [61] [56]. In photon splatting, it was observed that
part of the total photon contribution could be precomputed using a texture attributed
with a surface. Photons are splatted and the splat disc size represents the contribution
of the photon (power) which spans multiple pixels. Triangles enclosing the splats are
added on the plane of the hit surface and are mapped to the texture. During rendering,
the triangle’s colour is set to the power of the photon multiplied by the BRDF and the
splat is added to the frame buêer using blending. This method ats nicely in the GPU
pipeline. Photon tracing methods are focused on the emission techniques, for example
selectively aring photons in regions of interest. Progressive photon mapping consists
of an initial ray tracing pass to andwhich surfaces are visible through the camera. Then
the photons are traced into the scene from the light sources, and the photons that are
within the region of a pixel are accumulated. This photon tracing pass is repeated until
the scene converges. It is important to note that in progressive photon mapping, the
photons need not be stored, and therefore there are no space limitations. In photon
relaxation the goal is to reduce noise without increasing bias. While usually this is ad-
dressed at the kernel level, photon relaxation directlymanipulates the photons stored in
themap. It works by repelling photons from each other to evenly distribute them, using
feature detection to be able to keep high frequency details. The result is a distribution
with a blue noise spectral signal structure which greatly reduces noise.

3.4 Manifold-based
Specular Manifold Sampling (SMS) is a uniaed manifold sampling strategy for ren-
dering rebective and refractive caustics. This technique permits unbiased search on
a specular surface using a Newton solver given the path endpoints and the surface
constraints. However, the Newton solver in previous manifold next event estimation
(MNEE) methods converges to one of the potentially many solutions, the closest one
to the solution point. Every solution point has a basin which is a subset of the surface
manifold. When the Newton solver’s initial point is contained in this basin then it con-
verges to that one point. Zeltner et al. [62] propose a solution to explore the whole
space without introducing bias. Doing this requires knowing the probability of ran-
domly selecting the basin. Estimating this is not straight forward since the probability
estimate is in the denominator but this problem is tackled using [63], where the de-
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nominator is transformed into a geometric series, essentially moving the calculation of
the estimation of this probability value to the numerator. Zeltner et al. provide a biased
but consistent version of this where the number of trials are limited, resulting in energy
loss. Additionally, the surface constraints were improved. The original constraints pro-
posed by Jakob and Marschner [64] converge to points that are back-facing and thus
discarded (because the constraints do not discriminate between front and back-facing).
Zeltner et al. changed the constraints to measure the diêerence between the incoming
and outgoing ray directions instead of using the half vector.

Xu et al. [65] introduce a novel method for rendering caustics. They exploit the
observation that specular paths (and basins) tend to be similar among the neighbour-
ing shading points, and can be used as a seed to initialise the specular manifold walk
which signiacantly reduces the time take to process the Newton solver. The reuse can
also be done temporally. This technique is based on the biased version introduced by
Zeltner et al. [62], and therefore it is also biased (and consistent). The results show
that this method is better than the biased SMS. However, this method is eêective with
small light sources as larger ones reduce the similarity reuse and also small roughness
values. Additionally, larger areas of reuse do not improve image quality proportionally.

SMS samples specular paths depending on the size of the convergence basins
and ignores their energy distributions (critical for various reduction). Fan et al. [66]
introduce manifold path guiding where sub-paths comprised of a specular chain and
two non-specular separators are studied. Their method learns specular manifolds by
temporally reusing sub-paths,and performingmanifoldwalks to obtain new sub-paths.
It exploits the coherence among sub-paths formed by specular manifolds, enabling the
reconstruction of continuous energy distributions for better sampling. Their method
outperforms previous unbiased rendering methods by reducing variance bymore than
one order of magnitude (40 times less). Connecting chains is a challenge and onemajor
concern in this paper. This method only handles cases where one end of the chain lies
on the light.

Granizo et al. [67] present a new algorithm for interactive rendering of caus-
tics. The authors introduce a dimension reduction technique that simpliaes the search
for light paths to a one-dimensional curve (using coplanarity) on the surface, making
it possible to render caustics interactively. This approach not only speeds up the ren-
dering process but also simpliaes implementation by eliminating the need to compute
path derivatives. The paper demonstrates the algorithm’s eêectiveness in producing
high-quality caustics quickly, signiacantly outperforming existingmethods like Photon
Mapping and Practical Path Guiding, especially in complex scenes with high tessella-
tion levels. The algorithm maintains temporal consistency, producing noise-free and
bicker-free animations of underwater caustics. However, it is limited to purely specu-
lar caustics and point light sources, and may not work as well with glossy surfaces or
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area light sources. However only one solution (basin) is explored, similar to MNEE,
and therefore accuracy is traded for speed and noise reduction. This means this solu-
tion is biased.

3.5 Resampling
Reservoir sampling [68] is an algorithm used to sample a subset (reservoir) of k ele-
ments using a stream of samples selected from a probability distribution. Every wit-
nessed element can end up in the reservoir with the probability distribution ofwhat has
been witnessed so far. In Monte Carlo rendering the weighted reservoir sampling with
replacement variant is used, which means that an element may be witnessed again. If
all the possible elements are witnessed, the probability distribution of the buêer (the
subset)will be approximately proportional (or equal if no repetition occurs) to the orig-
inal probability distribution. This means that the buêer will eêectively become a subset
of k randomly (weighted) picked elements.

Importance resampling (resampled) [69] is a technique used to sample a distri-
bution deaned by a PDF, similar to cumulative density function (CDF) inversion and
rejection sampling it is used for importance sampling. However, importance resam-
pling generates samples that are approximately distributed according to the desired
PDF. It works by selecting a number of M samples, which are stored in a list. These
samples are then resampled with a particular probability which makes the resulting
samples approximately distributed with the desired PDF. When used alone the dis-
crete samples introduce bias, but when used in conjunction with importance sampling
it serves to reduce variance (under several assumptions which are generally true).

ReSTIR [70] introduce amethod to sample one-bounce direct lighting frommany
lights, suitable for real-time ray tracing with fully dynamic scenes. Reservoir sampling
in conjunction with resampled importance sampling are utilised to make use of distri-
butions which have already been sampled either in space (neighbouring pixels) or in
time (neighbouring pixels after temporal reprojection usingmotion vectors). Reservoir
sampling is used to feed resampled importance sampling (RIS), which greatly reduces
memory constraints. Previously, lots of samples needed to be retained. The authors
propose twomethods; one unbiased and the other biased, and show that unbiased and
biased oêer a speed-up of 6 to 60 and 35 to 65 respectively on selected scenes (Amuse-
ment Park, Subway, Bistro and Zero Day).

Ouyanget al. [71] extend ReSTIR to ReSTIR global illumination (GI), allowing
global illumination. In contrast to ReSTIR that samples from the lights, ReSTIR GI gen-
erate samples by tracing rays from visible points (points that are visible from the cam-
era) and uses the hit-point as an initial sample. Then path tracing is used so that path
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samples are reused. Since ReSTIR GI sampling scheme is based on the visible point’s
position (and not just the light source), the solid angle’s PDFmust be weighted accord-
ingly using the Jacobian determinant [72] of the transformation for spatial re-use. Not
needed for temporal re-use as the source and target pixels are supposed to be the same.
Additionally, resampling only occurs in the screen space. Reductions in MSE of up to
166 times were recorded when compared to path tracing.

Lin et al. introduce generalised resampled importance sampling (GRIS)[73],
which extends and corrects ReSTIR by enabling RIS to handle correlated samples. Al-
though ReSTIR is unbiased, sample reuse can cause it to converge to incorrect results.
The authors develop a theoretical framework with speciac criteria to ensure proper
convergence, including the use of shift mappings to reuse samples across diêerent do-
mains (e.g., pixels) and a hybrid shift mapping strategy for improved performance.
They also highlight the importance of capping the reservoir size Mr (M-cap) to limit
reuse; without this cap, results may converge incorrectly. The paper provides ReSTIR
PT for experimentation and suggests that GRIS could beneat advanced techniques like
manifold exploration. While ReSTIR PT can reuse some caustic paths, caustics remain
challenging and may lead to undersampling in both GRIS and ReSTIR.

Zhang andWang [74] introducedWorld-Space Spatiotemporal Path Resampling
for Path Tracing. Unlike ReSTIRGI, thismethod is not limited to sampling path samples
in screen space. It can sample paths in world-space and can reuse sample points in path
samples subsequent to glossy surfaces interaction as well. After sample generation, a
hash grid is used to store and query the samples eëciently. The hash-key is based both
on position and surface normal, and a cascaded hash-grid is used (not uniform). For
resampling, the whole path (generalised path samples) is reused by visible points in
contrast to ReSTIR GI where only sample points next to visible points can be connected
for reuse. This method demonstrates a 16.6% to 33.1% improvement over ReSTIR GI
with regards to noise reduction costing only 4.41% to 8.36%morewith respect to speed.

3.6 Other Methods
Moreau&Doggett [75] propose a novel algorithm for rendering indirectly visible caus-
tics in real-time, overcoming limitations of previous screen-space techniques. It works
by leveraging hardware-accelerated ray tracing in modern GPUs and arst uses path
tracing starting from the camera until a diêuse surface is found (collection points).
Then, a bounding volume hierarchy (BVH) is constructed around multiple collection
points in world space. Light tracing is used to accumulate light around these collection
points. This allows caustics to be rendered anywhere in the scene, not just in screen
space. The approach ensures consistent caustic rendering even in complex scenarios
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involving mirrors and semi-transparent objects. Temporal reuse is also possible, and
is implemented using an exponential moving average, giving more weight to newer
contributions. A number of scenes where evaluated with a number of dynamic com-
ponents, such as moving camera, moving lights and animated geometry. The total time
for each frame hovered around 25ms per frame (around 40 FPS). However, Bistro was
tested with most emissive primitives turned oê and dropped to 21-25 FPS. Future work
includes reatting the BVH to enhance performance, including motion vectors for caus-
tics to reduce ghosting and using reservoirs to include ReSTIR even on surfaces visible
via mirrors.

Fan et al. introduce Specular Polynomials [76], a deterministic (not stochas-
tic) alternative to Newton iterations based methods for anding specular paths. They
formulate univariate polynomials encoding multiple specular bounces and their con-
straints together. Root anding is easier to performon univariate polynomials. While the
method is theoretically unbiased, an arst-order approximation for square roots (coming
from refraction components) is performed which may lead to inaccuracy. However, for
such cases, the authors fallback to reanement using Newton iterations to gain back the
accuracy. Additionally, bisection is used in contrast to a comprehensive solver (eigen-
value based) which can lead to anding fewer solutions but bisection is much faster.
Furthermore, long-specular chains were not tackled, but since the number of solutions
increases dramatically, the authors suggest to combine this with a stochastic approach
in order to explore all solutions.

3.7 Related Work
This section reviews work in the speciac domains supporting the contributions of this
thesis. We examine debugging tools for rendering pipelines, real-time caustics tech-
niques, evaluation frameworks, and denoising methods, contextualising the develop-
ment of Anvil, CandelaDXR, Forge, and our spectral denoising pipeline.

3.7.1 Debugging Tools for Rendering Pipelines
Total Recall [77] is a debugging framework speciacally designed for GPU debugging.
It operates by observing the application programming interface (API) calls made by
the application to the rendering API and replaying them during debugging. Total Re-
call enables full execution history by constructing a buêer dependency graph to obtain
shader input values. Once all data is collected, it is passed to the CPU emulator for
analysis. Additionally, hardware acceleration can be used to speed up the emulation.

In [78], Hou et al. implement an automatic databow recording and visualisation
debugger. This work is targeted primarily at GPGPU applications. The authors extend
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the CUDA language to provide a mechanism whereby the GPU can interrupt the CPU.
This is achieved by passing the user shader into a compiler that generates a new shader
containing instrumentation code. The advantage of this method is that debugging is
performed essentially on the GPU, which means the original code remains faithful to
the architecture. For example, it is sometimes the case that boating-point operations on
the GPU do not implement the same standard as the CPU. Therefore, debuggers that
replay or emulate the GPU on the host tend to suêer from such inconsistencies.

The Ray Tracing Visualisation Toolkit (rtVTK) [79] is a tool that supports the vi-
sualisation and analysis of ray-based rendering algorithms. Applications send data to
rtVTK via the rl API, where ray data such as origin, direction, and length are recorded.
Visualisation plugins are subsequently developed to consume this data. Gribble et al.
demonstrate this using a ray visualiser plugin, amongst others such as a BVH viewer.
rtVTK is designed to help debug issues in ray-tracing applications and to aid students
in better understanding ray-based algorithms. rtVTK provides debugging through vi-
sualisation, which can be extended via plugins, however it is limited exclusively to rays.
In contrast, Anvil is more bexible, as it has no such limitation and, through its design,
achieves a broader range of functionality.

GLDebug [80] is a graphics debugger targeted at OpenGL applications. It is
designed to inspect state changes occurring in OpenGL. OpenGL is implemented as a
state machine, and third-party libraries might modify its state erroneously. GLDebug
is capable of detecting such issues and allows developers to avoid cluttering the code
with state queries. It also enables state history comparison, so that a working version
can be compared with a faulty version, allowing one to pinpoint issues.

Podila and Zhu developed a tool that visualises data bow transfers between the
CPU and the GPU [81]. Their implementation generates a graph illustrating how host
variables are connected to shader variables. While current tools can detect errors such
as failing to bind required variables, they do not visualise broken data connections, and
developers must identify such issues manually by reading the source code.

NVIDIA Nsight is a tool that can be used to analyse the shading pipeline run-
ning on the GPU. It displays all the draw calls, allows one to record frames for later
replay, and presents statistics to help identify bottlenecks. Microsoft PIX1 is a tool that
oêers similar features. cuPrintF is another tool that may be used for simpler debugging
scenarios. It enables printf-like functionality within a shader. The Unity2 framework
also provides similar debugging functionalities, such as the Frame Debugger.

Although the aforementioned options are highly useful for debugging, they do
not provide means to visualise more speciac, common data structures. Furthermore,
in most of these tools, debugging occurs after recording, meaning the application is

1https://devblogs.microsoft.com/pix/download/
2https://unity.com/
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debugged oìine. In contrast, Anvil enables online debugging and the use of ready-
made visualisers, which can be shared with other users to visualise and debug higher-
level data structures.

3.7.2 Caustics Rendering
In [82], Yang and Ouyang claim that the most eëcient method for simulating caus-
tics in real time is photon mapping. They present two real-time ray tracing techniques
for rendering caustics eêects that are low cost and fully interactive, one for metallic
and transparent materials, and the other specialised for water surfaces. The former
is termed Adaptive Anisotropic Photon Scattering (AAPS), while the latter is termed
Ray-Guided Water Caustics (RGWC).

InAAPS, techniques fromphoton splatting are employed. The algorithmutilises
several buêers, two ofwhich control photon emission, namely the task and the feedback
buêers. Emitted photons are guided by the task buêer, and their footprint is calculated
usingphotondiêerentials during hit-bounce time. The photons are subsequently stored
in the photon buêer. Each recorded photon is splatted onto the caustics buêer in an
elliptical shape, the size of which depends on the scene depth, the surface’s normal,
and the initial footprint. Finally, the caustics buêer is applied to the scene. The feedback
buêer is then looked up and compared with the previous feedback buêer to generate
the task buêer. The feedback buêer, of which there is one per light source, is what
renders the algorithm adaptive. The average projected area of photons in screen space,
together with the variance generated via the screen-space pixel, are used to generate an
entry in the feedback buêer. Eêectively, each photon is traced back to its emitting light
source so that these contributions are accounted for.

The results show that the cost of rendering caustics is between 1 and 2 ms for
enthusiast GPUs and 3 to 4 ms for a consumer-grade GPU (RTX 2060). These results
are made possible through the use of the RTX cores residing in these GPUs. However,
the photon tracing and photon scattering steps still dominated the process, with the
former taking approximately 45 ms.

Yang and Ouyang state that several limitations remain. Photon tracing assumes
that surfaces are not rough, and dispersion is not computed using continuous spectrum
data, which limits its accuracy. Area lights are not optically accurate, and rebected and
refracted caustics are generated in separate GPU threads, thereby doubling the cost of
photon tracing.

In RGWC, the authors focus exclusively on water surfaces. First, they explain
the basic method, where a caustics map is used per light source and the positions are
recorded along with the normals of the water surface. Then, rebection and refraction
rays are generated from the recorded positions, and once they hit the scene, the infor-
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mation of the hit points is also recorded. At this point, caustics are rendered into the
screen-space caustics buêer, denoised, and rendered onto the screen.

Yang andOuyang improve the aforementioned steps in the ray generation phase
and the caustics buêer rendering phase by using photon diêerence scattering (PDS)
and procedural caustic mesh (PCM). PDS diêers from photon diêerentials in that no
perturbations are applied to the photon in question, instead, data from nearby photons
are used to compute the photon coverage. Once the coverage is attained, a quad or el-
liptical sprite, alignedwith the photon’s direction andwith similar coverage, is smeared
onto the receiving surface and anally projected onto the screen. The authors claim that
this technique is easier to implement and requires fewer ray casts.

Alternatively, PCM can be used, where hit points are converted into an interme-
diate mesh. The hit points form triangle lists in the map. The compute shader then
interprets the size of each triangle as the photon footprint. The mesh is subsequently
rendered to the caustics buêer using a traditional rasterisation pass.

The authors discuss that PCM produces sharp caustics even when the caustics
map resolution is low. PCM is better suited for larger areas, such as lakes and the
sea, while PDS is optimal for more conaned areas, such as a swimming pool. Results
indicate that PCM is faster than PDS by approximately 1 to 2.3 ms.

3.7.3 Evaluation Framework
Previous research, such as realXtend [83], introduced a modular approach to virtual
world architectures based on the Entity-Component-Attribute (ECA) model. RealX-
tend emphasised bexibility and network synchronisation, combining an ECS archi-
tecture with eëcient real-time communication across clients. It allowed for dynamic
component addition and real-time updates, facilitating the creation of interactive and
extensible virtual environments. Dahl et al. [84] extended this work, implementing
WebSocket synchronisation to communicatewithweb-based clients, illustrating the po-
tential of ECS-based systems for distributed environments. However, while realXtend
focuses on bexible and extensible virtual world architectures, its goals diêer from those
of Forge, which is primarily designed to standardise and streamline the evaluation of
rendering systems rather than supporting virtual world simulations.

Elements [85] provides another example of an ECS-based framework, but with a
focus on education. It is a lightweight, open-source Python tool designed to teach com-
puter graphics concepts by implementing an ECS architecture within a scene graph. El-
ements enables students to explore modern computer graphics (CG) pipelines, bridg-
ing theory and practice. Although it shares a similar architectural foundation with
Forge, the primary use case of Elements is pedagogical, helping students understand
CGprinciples, whereas Forge focuses on evaluating, debugging, and standardising ren-
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dering techniques, with support for distributed computation and performance assess-
ments.

NVIDIA’s Falcor [86] provides a platform for real-time rendering research by
oêering a high-level abstraction over modern graphics APIs such as DirectX 12 and
Vulkan. Falcor enables rapid prototyping of advanced rendering techniques, featur-
ing a bexible render graph system, built-in proaling tools, and support for shader hot
reloading. However, while Falcor accelerates research through quick composition of
rendering pipelines, it does not address the need for standardised evaluations across
diêerent rendering engines and lacks built-in network capabilities, limiting its ability
to facilitate distributed or remote evaluations. Furthermore, it only provides access
to FLIP [39, 40], which specialises in detecting perceptual diêerences in rendered im-
ages, and MSE, which measures pixel-level diêerences between images.

More broadly, there has been a growing focus on replicability and reproducibil-
ity. Bonneel et al. [87] emphasise the importance of making research code available
to ensure that results can be replicated. Despite these eêorts, much of the available re-
search code remains speciac to individual studies or tools, rather than forming part of a
reusable, modular framework. While current initiatives focus on improving replicabil-
ity within speciac projects, they do not provide a generalised, system-agnostic platform
for evaluating and comparing rendering techniques across diêerent engines and con-
agurations.

To the best of our knowledge, no existing tool fully addresses the niche that Forge
aims to all: a standardised, modular framework for evaluating rendering techniques
across diverse pipelines. This may be because most graphics engines are typically eval-
uated using custom-built tools tailored to speciac engines and rarely shared publicly.
This fragmentation has led to a lack of standardised tools for cross-engine comparisons,
which motivates the development of Forge.

3.7.4 Spectral Rendering and Denoising
Overbeck et al. [88] introduce an adaptive rendering algorithm, using wavelets and
variance to sample salient areas, which drastically reduces the sample count needed to
achieve lower noise. Levin et al. [89] discuss extending the depth of aeld in photog-
raphy through computational imaging, focusing on the frequency power spectrum of
the defocus kernel to improve deconvolution quality. The dimensionality of the com-
putation decreases from 4D to 3D in the frequency domain. Egan et al. [90] present
a frequency analysis of motion-blurred scenes, including moving objects, specular re-
bections, and shadows. A novel sheared reconstruction alter aligned to the direction
of motion is introduced, allowing for high-quality rendering with fewer samples. Sim-
ilarly, Egan et al. [91] present a technique for eëciently rendering soft shadows from
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complex occluders using a 4D cache and sheared reconstruction alter. Belcour et al.
[92] discuss the acceleration of global illumination methods by analysing local light
aelds in the Fourier domain to reveal illumination consistency in participating media.

The landscape of image denoising has been signiacantly shaped by advanced
transform-based techniques. Starck et al. [93] introduced novel digital implementa-
tions of the ridgelet and curvelet transforms, demonstrating their superiority in han-
dling high-frequency components and preserving edge details over traditional wavelet
methods in image denoising. Their empirical results oêer encouraging evidence for the
potential of these methods in complex image reconstruction tasks, including caustics.
Similarly, Kamble et al. [94] conducted a thorough performance evaluation of image de-
noising algorithms using wavelet, ridgelet, curvelet, and contourlet transforms. They
proposed a new robust performance measure, which further elucidates the strengths
and limitations of these techniques in preserving image quality during denoising pro-
cesses. Ansari and Budhhiraju [95] evaluate these transforms against contourlet trans-
forms on remotely sensed images, with curvelets showing superior edge preservation.
In a more focused study, Yu et al. [96] developed a curvelet-based denoising method
that incorporates polynomial interpolation and adaptive thresholding, speciacally en-
hancing the retention of textural details inmedical imaging,which is critical for telemed-
icine applications. Halidou et al. [97] review wavelet-based denoising algorithms, dis-
tinguishing BM3DM_DWT as the most eêective for its simplicity and eëciency in vari-
ous tests, including standard MATLAB images. Their comparative analysis, grounded
onmetrics such as PSNR and SSIM, provides a nuanced understanding of howdiêerent
wavelet methods perform across typical image denoising scenarios.

For a comprehensive review of image denoising techniques using deep learn-
ing, Jebur et al. [98] provide an extensive overview of various methodologies and their
applications in the aeld. Their study covers a broad range of methodologies, compar-
ing machine learning models, convolutional neural networks (CNNs) and hybrid ap-
proaches, and oêers insights into the progression and challenges of deep learning tech-
niques in image denoising. To the best of our knowledge, no comparative study focuses
directly on the denoising of caustics in PBR-generated images.

3.8 Summary
This chapter has surveyed the historical and contemporary landscape of light transport
simulation, critically evaluating the progression from foundational unbiased Monte
Carlomethods like path and bidirectional path tracing to the biased but eëcient photon
mapping and radiosity techniques. The analysis identiaed that while modern oìine
methods such as SMS oêer sophisticated solutions for complex caustic paths, and real-
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time resampling frameworks like ReSTIR provide transformative performance for gen-
eral global illumination, a signiacant gap remains for high-performance, GPU-amenable
algorithms capable of rendering high-frequency caustics. The review further contex-
tualised the thesis contributions by examining related work in debugging tools, spe-
cialised caustics rendering, evaluation frameworks, and spectral denoising. Ultimately,
this review underscores that while signiacant advances have been made in both oìine
accuracy and real-time performance, the synthesis of these domains into a dedicated
solution for caustics remains an open and critical challenge for real-time rendering.
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Oìine rendering refers to image synthesis performed without real-time constraints,
with its origins dating back to the 1960s. At that time, rendering models lacked full
physical accuracy, though foundational work was gradually advancing towards phys-
ically based approaches. Over the ensuing decades, physically based rendering be-
came attainable, yet remained largely conaned to oìine applications until recent years.
Throughout this period, numerous algorithms have been developed to address global
illumination, each exhibiting varying strengths depending on scene conaguration. No
single solution universally accommodates all scenarios; instead, specialised methods
have emerged to solve speciac challenges. Many unbiased techniques employ stochas-
tic sampling, as this remains the only demonstrably scalable approach to solving the
rendering equation. Ultimately, computational eëciency has persisted as a central chal-
lenge. However, with modern GPUs now incorporating hardware-accelerated support
for ray-based methods, certain traditionally oìine techniques have become feasible for
real-time applications.

The primary objective of this thesis is the real-time generation of caustics by
adapting oìine, unbiased rendering techniques for GPU execution. However, migrat-
ing suchmethods to the GPU presents signiacant challenges due to fundamental archi-
tectural and executionmodel disparities. While CPUs are optimised for sequential pro-
cessing and branch-heavy code, leveraging deep cache hierarchies, GPUs thrive when
handling massively parallel, data-aligned workloads across thousands of lightweight
threads.

4.1 Initial Methodology
To facilitate this adaptation, we begin with a path tracer, as it represents one of the most
straightforward ray-based methods well-suited to GPU implementation. In its purest
form, path tracing minimises branching, relying primarily on Monte Carlo integration
which is an intrinsic requirement of virtually all stochastic rendering algorithms. Fur-
thermore, path tracing is stateless, eliminating the need to store intermediate data; only
immediate values, typically held in GPU registers, are retained. Crucially, path tracing
is inherently unbiased, and this is a property we aim to preserve while also natively
supporting global illumination.

To achieve this objective, we selected Candela [14], a CPU-based rendering en-
gine. Candela is an ideal candidate due to its clean, modular design, which adheres
to robust object-oriented principles. While alternative engines, such as PBRT, are more
complex and architecturally optimised for their speciac use cases (e.g., through ab-
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stractions like spectral rendering support, which requires generalising over radiance
primitives), our focus resides in a narrower domain: namely, caustics rendering with
radiance derived exclusively from RGB channels.

PBRT’s intricate design accommodates a broad range of features, including di-
verse shaders, geometric primitives, and spectral operations. This bexibility introduces
overhead for our targeted application. In contrast, Candela’s streamlined architecture
avoids such complexity, enabling straightforwardmodiacations and extensions tailored
to our needs.

4.2 Path Tracer Veriacation
Candela oêers a clean, well-structured framework as our foundation, complete with
an existing path tracer implementation. However, verifying the correctness of this im-
plementation is critically important at this stage, as the rendered images produced by
this path tracer will serve as our reference for equivalence testing with subsequently
developed shaders.

For our initial veriacation phase, we employed the canonical Cornell Box scene, a
standard test case for evaluating global illumination algorithms. This benchmark scene
features an enclosed room illuminated by a planar light source containing two cuboid
objects, with all surfaces exhibiting purely diêuse rebectance. The scene’s geometri-
cal simplicity and well-understood light transport characteristics make it particularly
suitable for verifying fundamental shader implementations.

Simple visual inspection conarmed the Cornell Box scene converged to the phys-
ically plausible reference solution. While standard image metrics (e.g., SSIM) are typi-
cally employed for such comparisons, we initially opted for direct pixel value inspection
via a lightweight diagnostic tool. This tool, implemented using web technologies for
rapid prototyping, displayed raw radiance values at cursor positions, enabling eëcient
sanity checks. The choice of web technologies (e.g., Node.js libraries) aêorded both
simplicity and extensibility, though the basic implementation proved suëcient for our
immediate needs. Crucially, this facilitated veriacation of scene conagurations, such as
conarming emitted radiance values matched the Cornell Box’s light source speciaca-
tions.

Candela’s next event estimation (NEE) path tracing variant exhibits faster con-
vergence while theoretically producing identical results (within boating-point toler-
ances). Our pixel inspection tool enabled eëcient pairwise comparison of images from
both renderers. For stricter veriacation, we subsequently developed additional tooling
to compute standard error by sampling per-frame radiance values. This requiredminor
renderer modiacations to suppress output volume, typically restricting data collection
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to individual pixels or small image regions.

4.3 Debugging Challenges
During extended testing, we observed sporadic black pixels indicating discontinuities.
Initial radiance inspection revealed anomalously lowvalues in localised regions, contra-
dicting expectations for a purely diêuse environment. Conventional debugging proved
ineêective until we developed a ray visualisation tool. This immediately revealed the
root cause: a self-occlusion artefact occurring at speciac grazing angles.

Upon completing the veriacation of Candela’s path tracer, we proceeded with
its GPU implementation, namely CandelaDXR. During evaluation, we observed sig-
niacant areby artefacts appearing exclusively when rotating the area light within the
Cornell Box scene. Initial debugging proved ineêective in identifying the root cause of
these high-variance pixels.

To investigate further, we instrumented the GPU shader to capture full path in-
formation for speciaed pixels and frames via DirectX read-back buêers. We subse-
quently extended our visualisation tool to reconstruct complete light paths, displaying
radiance values at each path vertex. This revealed an illuminating pattern: the arebies
consistently occurred when shaded points approached extremely close proximities to
light sources.

The visualisation demonstrated thiswas amathematical singularity arising from
the inverse square term (1/r2) in the illumination calculation. As the distance r between
the shaded point and light source diminishes, this term grows exponentially, causing
numerical instability. We determined this artefact could be eêectively mitigated by im-
plementing an alternative Monte Carlo sampling strategy for near-aeld light interac-
tions, particularly when r approaches zero.

4.4 Introducing Anvil
Throughout this development eêort, we recognised that debugging and diagnosing
issues in computer graphics applications presents signiacant challenges, particularly
when transitioning from CPU to GPU-based implementations. While traditional CPU
renderers already exhibit considerable complexity in debugging, GPU environments
exacerbate these diëculties due to their distinct architectural paradigms and lack of
fundamental debugging primitives. As our work progressed, we observed that the
tools we developed could be generalised beyond path tracing to address other compu-
tational domains, including rasterisation and GPGPU computing.
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To streamline the adaptation of oìine rendering techniques for GPU execution,
we consolidated our existing diagnostic tools into a uniaed framework: Anvil. This
visual debugging and analysis platform is designed to integrate seamlessly with user
applications, enabling high-level inspection of complex rendering behaviour. Anvil pri-
oritises three core principles:

• Eëciency: Operatingwithin the constraints of interactive debuggingwhilemain-
taining real-time responsiveness.

• Extensibility: Supporting custom visualisations and modiacations to existing
analysis tools through a modular architecture.

• Flexibility: Applicability beyond computer graphics to domains requiring high-
level debugging abstractions.

A key innovation of Anvil lies in its structured representation of 3D graphics
primitives through atoms (basic elements, such as vectors) and molecules (compound
structures, such as rays). These abstractions provide reusable building blocks for visu-
alisation, while remaining extensible for domain-speciac customisations. By formalis-
ing these conceptual units, Anvil accelerates debugging workbows for both common
rendering tasks and specialised GPU development eêorts.

4.5 Design Principles

Figure 4.1 Anvil debugging session. From left to right: Application framebuêer view,
path view, debug view, overlay

One important design principle adopted in Anvil is simplicity (see Figure 4.1).
Anvil is a tool designed to help analyse and debug graphics applications; it is important
for end users to remain focused on their current task and not waste time conaguring an
external tool. This is why we strongly believe Anvil should be simple to set up and use.
Rebection, which is the ability of a program to inspect andmodify its own structure and
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behaviour at runtime, togetherwithmacros have been implemented tomake interfacing
with Anvil as simple as possible.

Anvilwas designed to promote component reusability. It can be divided into two
functional groups: instrumentation, and analysis and visualisation. While instrumen-
tation is tightly coupled to the user’s code, the analysis and visualisation components
are independent of it. This enables any visualisation and analysis logic to be reused.

Anvil is data-driven and was designed primarily to use the ECS design pattern.
This pattern was chosen because it provides Anvil with the necessary bexibility. It
allowsAnvil to decouple data from logic. Since the user is expected to post a continuous
stream of data seamlessly, this design is a natural at. A key advantage is that it helps
avoid complex and deep inheritance hierarchies. Without an ECS-like design, an entity
might need to implementmultiple interfaces, where each interface implementation and
its associated data would represent a component in ECS.

Anvil is designed to be cross-platform andmodular to address bexibility. It is not
tightly coupled to the graphics domain and is API agnostic. This loose coupling enables
it to run on any platform with minimal dependencies. A plugin system addresses its
extensibility aims. Finally, Anvil uses rebection, a concept not natively present in C++,
to understand and visualise user data structures.

4.6 Design
Figure 4.2 illustrates the high-level architecture of Anvil. Atoms and molecules (Sec-
tion 4.4) are used during the application’s instrumentation phase. Both the required
visualisation and analysis depend on this instrumentation. Systems communicate via
events. The registry is used throughout Anvil to store atom and molecule deanitions,
which are subsequently used by the application and its systems. Anvil is designed for
use across diêerent hardware architectures and APIs, such as OpenGL and DirectX.

In an ECS context, an entity is the object we wish to debug. A component is a
aeld or method within that object, and a system is a debugger. Anvil provides several
systems out of the box, including a camera visualiser and a mesh visualiser. In Anvil,
rebection is used to register and categorise class members as components. Systems can
then operate on these components as needed. For example, a wireframe viewer system
could iterate through all mesh entities possessing a position component to render a
wireframe of a scene.

An atom is the smallest unit of data upon which Anvil operates. Atoms also
have semantic attributes attached to them. For example, although a position and a
direction can both be represented by vectors with the same data structure, they possess
diêerent meanings. An atom is therefore tagged to preserve its semantics. A molecule
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Figure 4.2 Anvil architecture

in Anvil is a concept that ties multiple atoms together, the aggregation of which forms
new semantics. For instance, a ray is a molecule composed of a position atom and a
direction atom.

4.6.1 Rebection
To register an atom or molecule, the user’s data structure must arst be registered. For
example, a position vector contains three boating point numbers, named x, y, and z

respectively. Anvil can only interpret the user’s data structure if semantics, or tags, are
applied to it. Rebection is a technique that can simplify this process. However, as C++
does not yet support rebection, some degree of manual mapping is hard to avoid.

One option considered was to parse the user’s code using CLang’s parser and
register all metadata using the information obtained. Nevertheless, the user would still
need to manually assign semantics to the aelds, as the data structure members may
not have standardised names. We concluded that this option would only be viable if
accompanied by a tool allowing the user to select and tag aelds visually via a graph-
ical user interface (GUI). However, before committing to further development, it was
decided that the arst version of Anvil would operate with manual input so that the
concept could be evaluated arst.

Existing rebection libraries are fully featured and not designed solely for simple
scenarios. These libraries are large, and at the time of evaluation, their performancewas
not satisfactory. Since Anvil requires only a very small subset of these features, namely
reading and writing aelds and calling getter and setter methods, it was determined
that implementing a minimal rebection library from scratch was the best approach for
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the time being. This library was implemented using a C++ feature called template
metaprogramming. This feature enables the extraction of classmetadata, allowing data
to be queried at runtime.

4.6.2 Compatible Members
The developed rebection library provides mechanisms to register data members, getter
and setter methods, and wrapper functions. The Point2D class in Table 4.1 deanes a
simple two-dimensional point. This point consists of two boating-point coordinates;
the x coordinate is tagged as “X” and the y coordinate is tagged as “Y”.

The arst row in Table 4.1 shows the simplest case for registering a user data struc-
ture. All required aelds are public, and the user can simply register thosemember aelds
in an external C++ ale. The second row shows the case where the data members are
private but public getter methods exist. Here, the user can register the public methods.
Note that these public members return a pointer to the actual data. While this is not
strictly necessary, it allows systems and visualisers to modify the data. The third row
illustrates a scenario where, although the data is public, it is not in the required format,
being stored in an array. Consequently, a wrapper class must be implemented. This
class stores a reference to the two-dimensional point and deanes getter methods for
the x and y coordinates. The registration code then interfaces with this wrapper class.
Finally, Table 4.2 presents the case where the required data is private. Here, the user
must modify the class deanition by adding the REFLECT macro. Internally, this macro
uses the C++ friend keyword to grant the registration code access to the private aelds.

Rebection is responsible for managing the user objects that require observation.
Through a user-provided mapping, this component extracts data from the user object
and transforms it into a stream of atoms andmolecules. This stream is the fundamental
data upon which Anvil is designed to operate.

4.7 Visualisation and Analysis
Visualisers and analysers are implemented as systems within the ECS design pattern.
They operate directly on the stream of atoms and molecules and are designed to work
only with speciac types. For example, a path visualiser can interpret a path molecule
but will not process a ray molecule. Furthermore, molecules can be decomposed into
their constituent atoms, which can then be reinjected into the stream. This enables other
systems to operate on these atoms if necessary. This functionality is provided by the
built-in Decomposer system.

Anvil provides a straightforward interface for users to implement their own vi-
sualisers or analysers. At a minimum, the user must implement the System interface.
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User Data Structure Registration Code

class Point2D {
public:

float x, y;
};

#include "reflection/reflect.h"

REFLECT_BEGIN(Point2D);
addMember("X", &BaseType::x);
addMember("Y", &BaseType::y);
REFLECT_END();

class Point2D {
private:

float x, y;
public:

float* getX();
float* getY();

};

#include "reflection/reflect.h"

REFLECT_BEGIN(Point2D);
addMember("X", &BaseType::getX);
addMember("Y", &BaseType::getY);
REFLECT_END();

class Point2D {
public:

float xy[2];
};

class Point2DWrapper {
private:

const Point2D& ref;
public:
Point2DWrapper(const Point2D& ref)

: ref(ref) {}
float getX() const {

return ref.xy[0];
}
float getX() const {

return ref.xy[1];
}

}

#include "reflection/reflect.h"

REFLECT_BEGIN(Point2DWrapper);
addMember("X", &BaseType::getX);
addMember("Y", &BaseType::getY);
REFLECT_END();

Table 4.1 Registrations

User Data Structure Registration Code

#include "reflection/reflect.h"

class Point2D {
private:

float x, y;

REFLECT(Point2D);
};

#include "reflection/reflect.h"

REFLECT_BEGIN(Point2D);
addMember("X", &BaseType::x);
addMember("Y", &BaseType::y);
REFLECT_END();

Table 4.2 Registrations of private data members
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Listing 1 System interface
class System
{
public:

virtual ~System() = default;

// This method passes the entities to this system
virtual void execute(std::vector<std::shared_ptr<Entity>>& entities) = 0;

};

Listing 2 IDrawable interface
class IDrawable
{
public:
IDrawable() = default;
virtual ~IDrawable() = default;
IDrawable(const IRenderer&) = delete;

// Draw methods
virtual void draw(IRenderer& graphics) = 0;
virtual void drawUI() = 0;
virtual const char* toString() const = 0;

};

This interface contains a single method, execute, depicted in Listing 1. This method
receives a list of entities for processing by the implemented system.

4.7.1 OpenGL Visualisers
The implementation of a basic System provides the user with signiacant possibilities.
For instance, a System can simply export data for use by a third-party application. How-
ever, as Anvil is intended to be an interactive analysis tool, some fundamental visuali-
sation capabilities are provided.

An OpenGL renderer is implemented in Anvil. This renderer can draw basic
geometry, such as lines and triangles. Therefore, to add a line, the user simply pro-
vides two points. Additionally, GUI elements, including buttons and text boxes, are
provided through ImGui1. If a system intends to use the OpenGL renderer to draw in
the main Anvil window, in addition to the System interface described in Listing 1, it
must implement the interface shown in Listing 2.

The draw method is called by the renderer for every frame, and each frame is
synchronised with the screen refresh rate. It is used to draw content that is particularly
dynamic. The drawUI method is called when the system needs to draw a user menu
for interaction. These two methods are invoked by the OpenGL renderer thread. This

1https://github.com/ocornut/imgui
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thread may be the same as the default main thread if the renderer is initialised without
the parallel bag.

The parallel bag is required to preserve user interactivity. It may be the case
that the user’s renderer, which is being debugged, runs slower than interactive rates.
Assuming a speed of 1 FPS, if the same thread is used to drive the OpenGL renderer,
then the Anvil window will also run at 1 FPS. This can be too slow for eêective visu-
alisation. Therefore, the user is permitted to initialise the OpenGL renderer using a
separate thread. It is important to note that when using the parallel bag, the execute
method is called by the main thread, while the draw and drawUI methods are called
by a separate thread. This means that any shared data in the implementation must be
protected, potentially through the use of mutexes.

4.7.2 Example Line Visualiser
Listing 3 shows an example of a basic visualiser that draws line molecules using the
OpenGL renderer. Some details have been omitted for brevity. The execute method is
called each time the Anvil pipeline runs. The program iterates through all entities and
processes those possessing a line component. Using the rebection library, the “Start”
and “End” molecules are read, representing the start and end points of the line to be
drawn. This line is then added to the line mesh. Once all relevant entities have been
processed, the renderer is instructed to reload themesh, and the new lines are drawn. It
is important to note that since the content does not change outside of the Anvil pipeline,
the draw method is not required and is therefore implemented as empty. A simple
read-only text element, displaying the size of the mesh, is implemented in the drawUI
method.
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Listing 3 Basic visualiser
void MyVisualiser::execute(std::vector<std::shared_ptr<Entity>>& entities) {
mesh->clear();
auto lineMeshGroup = make_unique<MeshGroup<Line>>();

for (auto& entity : entities) {
for (auto& component : entity->components) {

// Only process lines
if (component->name != "Line")

continue;

const auto& cTD = component->typeDescriptor;
auto p1 = readPoint(cTD.getMember("Start"), component->datum);
auto p2 = readPoint(cTD.getMember("End"), component->datum);

lineMeshGroup->addShape(p1, p2);
}

}

mesh->groups.push_back(move(lineMeshGroup));
this->renderer->reloadMesh(mesh);

}

void MyVisualiser::draw(renderer::IRenderer&) {}

void MyVisualiser::drawUI() {
ImGui::PushID(this);
ImGui::Begin("My Visualiser");
ImGui::Text("Mesh size: %u", mesh->size());
ImGui::End();
ImGui::PopID();

}

4.7.3 Third-party Library Considerations
Anvil supports multiple concurrent systems, each of which can use either the same
OpenGL renderer or a diêerent instance. Each instance is visualised in a separate win-
dow. Supporting this scenario introduces a challenge: OpenGL operates as a state ma-
chine with global state per process. To enable Anvil to manage multiple OpenGL win-
dows, a context switch must occur to save the current window state. This behaviour is
achieved using a global round-robin scheduler, where each task (one per window) sets
up its current context and executes its individual render loop. Furthermore, employ-
ing a single scheduler ensures that one thread handles all OpenGL operations, which
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is typically the recommended approach.
A problem arises when using a system with the OpenGL renderer while the

user’s rendering engine also uses OpenGL. If Anvil’s OpenGL renderer is initialised
with the parallel bag, Anvil makes OpenGL calls from a separate thread, diêerent from
the thread used by the user’s rendering engine. This can lead to race conditions, result-
ing in a corrupted sequence of calls to theOpenGL library. This issue can bemitigated in
two ways. One method is to disable the parallel bag when initialising Anvil’s OpenGL
renderer. Alternatively, Anvil provides OPENGL_BEGIN and OPENGL_END macros
for the user towrap any code that calls OpenGL. Thesemacros generate lock and unlock
calls to a sharedmutex, preventing conbicts betweenOpenGL calls. While eêective, this
approach may not be ideal due to the number of code modiacations required.

The same issue can occur with the ImGui library. Anvil uses ImGui to display
context menus and relevant data, and visualisers may use ImGui without additional
setup. Like OpenGL, ImGui contains global state and can only be initialised on a per-
window basis. Consequently, if a user employs ImGui as a shared library, conbicts may
arise. Anvil’s OpenGL renderer addresses this by implementing a context switching
mechanism. Whenever Anvil’s pipeline is active, it saves the user’s ImGui context (if
present) and restores it afterwards. When the parallel bag is used, the usermust protect
ImGui usage with a global mutex object provided by Anvil. Another potential solution
is to compile and link ImGui statically into Anvil, though this method has not yet been
tested.

4.8 Registry
The registry’s role is to track all registered atoms, molecules, and systems. Using the
registry, atoms andmolecules can be assignedmultiple names. For example, amolecule
with position semantics could be labelled as Position, Pos, and so forth. This allows
diêerent visualisers that refer to position using diêerent terminology to work together.
Additionally, the registry can be used to register dependencies for visualisers. With this
information, a list of visualisers compatible with a given set of atoms or molecules can
be queried.

4.9 Pipeline Flow
Anvil is designed to be called from the render loop commonly found in most rendering
applications. Users are expected to register the objects they wish to observe and then
delegate control to Anvil. At this point, Anvil enumerates all available systems, which
then process the user data. Users can communicate directly with these systems via
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event callbacks. Figure 4.3 illustrates the data bow within Anvil. Data is mapped via
the rebection mapper and transformed into objects containing atoms and molecules.
These objects are stored in the Object Pool. Visualisers and other systems can then
consume and edit these objects. Furthermore, they can publish events for both internal
and external communication.

Data 1 Data 2 Data 3

Reflection Mapper

Object Pool

Visualiser 1 Visualiser 2 System 1

Event Manager

Renderer

Figure 4.3 Anvil data bow diagram

4.9.1 Initialisation Stage
Anvil cannot be used before it is conagured. First, the required atoms and molecules
must be registered, which may involve using the rebection library. Subsequently, a list
of compatible visualisers can be queried using the registry. The required visualisers
must then be initialised. If these visualisers require the OpenGL renderer, the renderer
must itself be initialised beforehand.

4.9.2 Runtime Stage
At runtime, a stream of atoms and molecules is produced. Each atom or molecule in
the stream represents a debug point within the user application. The Anvil pipeline is
then triggered by calling the tick method. This enables Anvil to execute the visualisers,
which in turn use the rebection library to process the published stream of atoms and
molecules. Visualisers may emit events to interact with the user or with each other.
When this cycle completes, the tick method returns, returning control to the user. The
user can then modify the previously published stream or publish an entirely new one,
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and the cycle continues until the session concludes. A more practical example is pro-
vided in Section 4.10.

4.10 Typical Usage Example
Thedata requiringmonitoringmust arst be identiaed. Subsequently, the relevant atoms
and molecules must be loaded and registered. If a required atom or molecule does not
exist, it must arst be developed. The next step is to instrument the application. This
involves mapping the atoms and molecules to the user’s data structures and submit-
ting the actual data to Anvil for analysis and visualisation. Listing 4 demonstrates a
mapping from the user’sVector3 class, where the constituents of the atom “X”, “Y” and
“Z” are mapped to the public class data members x, y and z respectively.

Listing 4 Anvil registrations
#include "reflection/reflect.h"

REFLECT_BEGIN(Vector3);
addMember("X", &Vector3::x);
addMember("Y", &Vector3::y);
addMember("Z", &Vector3::z);
REFLECT_END();

If data members are private but public getter methods exist, these can be ref-
erenced instead. If no public getter methods are available, the user must employ the
REFLECT() macro. This macro designates the relevant rebection class as a friend of the
target class; in C++, a friend class can access the private members of the class granting
friendship. Listing 5 demonstrates the usage of this macro. If the user cannot mod-
ify the class requiring mapping, and this class exposes its private data through other
means, a wrapper class must be used. The user can create a wrapper class that exposes
the data via getter methods.

Listing 5 Handling private data members
#include "reflection/reflect.h"

class Vector3 {
float x, y, z;

REFLECT(Vector3);
};
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The anal instrumentation step is to submit the actual data. This is performed
using the addRebectionEntity method. For example, to monitor a ray, the user would
call Anvil::addReflectionEntity("Ray", ray), where ray is the user’s ray instance
and the string ”Ray” represents the molecule semantics. For debugging GPU-based
applications, an additional step of copying the relevant data from the shader to the
host is required.

The user should then identify the type of analysis needed. This determines
which system to use. The list of available and compatible systems can be queried from
the registry using the previously identiaed atoms and molecules. If the desired system
is not available, it must be developed and registered within the global registry. Systems
can be developed easily as they only need to implement an execute method.

Events in Anvil are used to propagate messages between systems and provide
feedback to the user application. Events can be used to dispatch messages related to
breakpoints aswell as system-related data. Finally, whenever analysis and visualisation
are required, the user calls Anvil::tick().

4.11 Evaluation
Anvil was evaluated on three problems in the context of real-time physically based
rendering. This section presents the results of our evaluation and compares them with
traditional debugging approaches.

4.11.1 Path Tracing
In path tracing, Monte Carlo methods are typically used to compute an approximate
solution to the rendering equation. Within these stochastic methods, reducing variance
accelerates convergence to the solution. One such variance-reduction technique is NEE.

Figure 4.4 shows the Cornell Box scene with an area light source directed to-
wards the ceiling. Numerous very bright pixels, known as arebies, were observed. The
arebies persisted even after computing 50000 samples per pixel, but would slowly fade
away after many more samples. It was not immediately clear whether this was an im-
plementation issue or a normal occurrence when using NEE.

Traditional Approach

NVIDIA Nsight was used to debug this problem. The arst step involved reading the
radiance values of the aêected pixels. It was noted that these values were abnormally
high. Even though a large number of radiance samples were taken, the average re-
mained elevated due to a single sample causing a signiacant spike.
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Figure 4.4 Rendering artefacts (arebies) persisting after 50K samples

The next stepwas to capture a ray that generated this phenomenon. The strategy
employedwas to replicate the issue and capture the seed of the pseudo-randomnumber
generator (PRNG). The application was modiaed to allow the PRNG to be seeded. As
shader debugging is limited in DirectX 12, the only option to capture the required data
was to copy it from the GPU to the host in every frame. With the application seeded,
the pixel generating the issue was known in advance, enabling ray data to be captured
speciacally for that pixel. Whenever the radiance value exceeded a preset threshold,
the path data for that particular frame and pixel were saved for oìine analysis.

The data were then analysed by meticulously examining the path data. To vi-
sualise the information, the rays were manually drawn in a third-party modelling ap-
plication over the Cornell Box scene. Eventually, it was observed that paths collecting
radiance close to the light source had extremely high values that propagated back to
the root ray of the path.

Anvil Approach

Debuggingwith Anvil involved the following steps. First, the applicationwasmodiaed
to allow PRNG seeding. Additionally, functionality to copy data from the GPU to the
host for a speciac pixel was implemented.

For this scenario, Anvil’s path visualiser was used. The visualiser requires a path
molecule, so the host data retrieved from the GPU had to bemapped accordingly. Once
all necessary mappings were registered, the data for the selected pixel could be sent
to Anvil using the host’s original data structures, which were tagged with the string
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“Path”. Internally, Anvil adds the path molecule to an entity. At the end of the frame,
control is then delegated to Anvil.

For this debugging session, a conditional breakpoint was set in the path visu-
aliser to pause execution when the radiance value exceeded a predeaned threshold.
The renderer was left running until the breakpoint was triggered.

Figure 4.5 Path visualiser focusing on the anomaly

Figure 4.5 shows the paused path visualiser, where the rays for the current frame
are displayed alongside the scene geometry. Every hit point is listed in Figure 4.6. The
green panel captures the moment when the radiance value became abnormally high. It
can be seen that the ray in this case is very short. As this is a shadow ray, the magni-
tude of the direction vector determines its length. The magnitude was calculated to be
0.0086 units, and the conclusion was that the issue arose from the nature of NEE.When
applying the inverse square law, a division by 0.0086 squared is required, resulting in
the high radiance value observed.

Discussion

Both approaches share common setup steps. For instance, both methods require copy-
ing path data from the GPU to the host. While not strictly necessary, initialising the
PRNG with a speciac seed is beneacial when analysing individual pixels.

While NVIDIA Nsight is useful, it is not suëcient for this scenario, as data must
be saved for oìine analysis. In situ debugging does not assist here because visualising
the problem using only the vector data available at runtime is diëcult. The exported
data can be visualised over the existing scene using a third-party application. Visu-
alised rays must then be compared with ray metadata to understand the radiance val-
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Figure 4.6 Path visualiser showing additional information

ues. Conversely, with Anvil, the data is readily accessible. However, mappings must
arst be established for Anvil to interpret the data, and Anvil itself must be linked with
the application.

Bothmethods involve setup time, but using Anvil is faster. The traditional meth-
od is time-consuming, particularly when exporting data to third-party applications.
Furthermore, even with rays visualised, continuous checks are required to determine
which ray is collecting a particular amount of radiance. With Anvil, both the ray and its
data are instantly available, and the scene can be explored interactively. Furthermore,
one can interactively step through successive frames to verify that the NEE algorithm
functions correctly when rays are distant from the light source. Verifying this with the
traditionalmethod requires repeating the laborious export and import processmultiple
times.

In conclusion, it was determined that because the calculation involves a divisor
dependent on the squared distance from the light source, the radiance value becomes
numerically unstable at small distances.
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4.11.2 Bidirectional Path Tracing
The bidirectional path tracing algorithm is a technique typically used to render PBR
scenes. Sampling a pixel requires initiating paths from both the camera and a light
source. The two paths are then connected andweighted appropriately. Our CPU-based
implementation follows Lafortune’s algorithm [3]. A problem was observed where
shading was not correctly applied at the edges of objects. Figure 4.7 shows a close-
up of an intersecting edge between the tall box and the boor in the Cornell Box scene.
After 4000 samples, the edges remained very noisy. It was unclear whether this was an
implementation issue or a characteristic of how Lafortune’s algorithm operates in this
context.

Figure 4.7 Rendering artefacts persisting after 4K samples

Traditional Approach

A standard debugging session was conducted. Breakpoints were placed at locations
where radiance contributions are accumulated to verify whether all pixels in the region
were being sampled, which was conarmed. A second test was performed to check for
the presence of NaN values, but none were found. Debugging by stepping through
the code proved ineêective, as this issue can only be reliably analysed by examining a
group of samples for each pixel.
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Consequently, a decisionwasmade to export all paths with relevant information
for all sampleswithin a small area, such as that shown in Figure 4.7. APython scriptwas
developed to perform statistical analysis and help visualise ray positions, directions,
and distributions.

We expected the edge to be well illuminated by indirect light, particularly by
light rebecting oê the short box. However, from the gathered information, we deter-
mined that hardly any light was being rebected towards the edge due to the narrow
angle between the area light and the vertical face of the short box.

Anvil Approach

The arst step was to identify which visualiser to use in this case. As the problem per-
sisted across an area, it was logical to capture data across that area and visualise it. To
achieve this, a web-based radiance and point visualiser was used. Furthermore, the
ability to select points on the image and analyse the distribution of shadow and probe
rays was required.

The second step involved understanding the composition of the visualiser’smol-
ecule. Once all the atoms were identiaed, the necessary mappings were implemented.
These mappings enable Anvil to interpret the user’s data structures. Finally, the ren-
derer is executed and the required frame buêer is passed to Anvil at each frame.

Figure 4.8 illustrates a altered viewof a particular pixelwithin theweb visualiser.
This view shows all the points that the area light reached andwas able to connect to the
selected point on the problematic dark edge. It demonstrates that no light was being
rebected from the short box to the tall box, and also that the short box acts as an occluder
to indirect light from the surrounding environment.

Discussion

BPT was implemented on the CPU, and although debugging on the CPU is typically
easier, the issue encountered could not be readily identiaed using conventional meth-
ods.

Both approaches share only the streaming of captured data in common. The
conventional method streams data to a ale, whereas the Anvil approach streams data
directly to it. Visualising data using Python requires substantial eêort. Furthermore,
when plotting a large number of data points, interactivity suêers.

With Anvil, visualisation is provided automatically. Once the mappings are es-
tablished, it is simply a matter of posting data to it. The web visualiser oêers ready-
made alters, and missing ones can be easily created by adding new predicates. Al-
though the web visualiser is a separate process from Anvil, communication via sockets
on the samemachinemakes it seamless. Additionally, Anvil enables the user to observe

68



4 Anvil

Figure 4.8 Web visualiser showing hit points at depth 2

points of interest appearing in real time as the renderer operates. This allows the user
to pause rendering when a suspected precursor to a problem emerges and switch to
conventional debugging if necessary.

Consequently, the eêort required to debug this issue with Anvil is signiacantly
less than that needed to export data from the renderer and import it into a Python
application.

4.11.3 Veriacation Testing
In exploratory testing, an individual performs tests without following a predetermined
script. Instead, the tester examines the system by questioning how it would react in
speciac scenarios. The results from previous tests can then guide further testing and
exploration of other scenarios. One advantage over scripted testing is that bugs can be
identiaed more rapidly, as no prior preparation is required.

In Section 4.11.1, a GPU path tracer with NEE is used. Although this path tracer
appears to function correctly, it would be beneacial to verifywhether certain properties,
such as energy conservation, are maintained.
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Traditional Approach

One of the simplest forms of testing is through assertions. These can be inserted at crit-
ical points in the algorithm to verify that the resulting calculations are correct. In this
case study, an assertion was added to check that the energy contributed by all paths is
positive. A second assertion tests whether light is being emitted from the back face of
an area light. These assertions did not fail, which increased conadence in the imple-
mentation. However, test coverage remained low, and many other cases still required
testing.

Anvil Approach

The approach taken using Anvil can be categorised as purely exploratory. The path
visualiser was used to explore the scene while the renderer was running, and it was
observed that a ray was being emitted from the back face of a primitive. This behaviour
is undesirable as computation is wasted to generate a new ray and propagate it into the
scene.

Figure 4.9 Anvil debug view during exploratory analysis

Figure 4.9 shows the oêending ray at the very bottom. The ray information ex-
tracted from Anvil revealed that while the ray was facing in the correct direction, its
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t value was negative. Consequently, the ray propagated backwards, which constitutes
faulty behaviour.

Discussion

The arst method relies solely on placing assertions, while the second approach involves
linking Anvil to the application, mapping the path molecule, and streaming data to
Anvil. Using assertions ensures that speciac properties are consistently respected. Con-
versely, Anvil provides greater freedom to navigate the scene in a more natural way.

In this instance, Anvil proved valuable as this particular case had not been cap-
tured by the assertions. However, combining both testingmethods increases conadence
in the implementation and helps to minimise bugs to a certain extent.

4.12 Discussion
The evaluation in Section 4.11 suggests that Anvil does indeed assist in debugging
graphics applications. It provides an interactive environment well suited for debug-
ging and analysis. Anvil is straightforward to use and requires only a few steps to be-
come operational. Once linked to an application, it only requires the user to implement
the instrumentation steps discussed in Section 4.10, unless a suitable visualisation or
analysis system is already available. The usability of Anvil depends on the number of
systems provided out of the box, plugins shared by other users, and the ease of exten-
sibility. The traditional approach may be simpler to set up initially, but Anvil provides
a richer debugging experience.

Anvil is modular, and its systems can be extended easily through a simple inter-
face. Furthermore, there is nomandatory direct dependency betweendiêerent systems;
they can communicate using awell-deaned interface via the eventmanager. This aligns
with the fundamental requirements for extensibility discussed in [18].

4.13 Summary
This chapter has presentedAnvil, a visual debugging tool designed to address the com-
plexities of PBR development. Our work began with an existing CPU-based path tracer
in Candela, selected for its simplicity and modular design. However, initial testing
revealed uncertainties in its correctness, necessitating the development of ad hoc di-
agnostic tools during the debugging process. Through iterative reanement, we recog-
nised that these tools such as pixel radiance inspectors, path visualisers, and statistical
analysers could be generalised into a uniaed framework. This realisation led to Anvil,
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a system that not only resolved immediate debugging challenges but also provided a
scalable foundation for future GPU adaptations.

The transition from problem-speciac tools to Anvil was motivated by the in-
herent diëculties in debugging stochastic rendering algorithms, particularly on GPUs,
where conventional debuggingmethods are inadequate. Anvil’s core design principles
namely eëciency, extensibility, and bexibility were empirically validated through its
application to three key tasks: debuggingareby artefacts in path tracing (Section 4.11.1),
analysing energy distribution in bidirectional path tracing (Section 4.11.2), and ex-
ploratory testing of numerical stability (Section 4.11). These case studies demonstrated
Anvil’s qualitative advantages over traditional approaches, such as NVIDIA Nsight or
manual data export, by enabling real-time visualisation of high-level primitives (e.g.,
light paths and distributions) through its atom and molecule abstractions.

By the conclusion of this phase, we achieved two signiacantmilestones: a correct
CPU and GPU path tracer, and a correct bidirectional CPU path tracer. These imple-
mentations now serve as reference solutions for subsequent chapters, ensuringmethod-
ological rigour in our pursuit of real-time caustics rendering. Critically, Anvil’s utility
extends beyond our immediate needs; its architecture is domain-agnostic, making it
applicable to pedagogy (e.g., visualising light transport for educational purposes) and
other aelds requiring high-level debugging of spatial or stochastic processes.
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Caustics are intricate light patterns arising from the concentration of light via specular
rebections or refractions onto diêuse surfaces. These patterns exhibit high-frequency
signals, presenting a signiacant challenge for real-time rendering compared to the low-
frequency signals typical of diêuse-dominated scenes. While path tracing (PT) is a
versatile, unbiased technique capable of rendering all light phenomena given suëcient
samples, its convergence for caustics is notoriously slow due to the low probability of
capturing specular-to-diêuse light paths. This ineëciency motivates the exploration
of alternative methods better suited to the task, such as light tracing (LT) and photon
mapping (PM).

Among these alternatives, LT oêers compelling advantages for GPU implemen-
tation. Like PT, LT is unbiased and stateless, requiring no complex data structures.
This is a critical feature for exploiting modern ray-tracing hardware eëciently. In con-
trast, PM, despite its eêectiveness for caustics, introduces bias, relies on multi-pass
workbows, and demands costly spatial data structures (e.g., photon maps), compli-
cating real-time adaptation. Manifold-based techniques, while unbiased and highly
eêective for caustics, are unsuitable for real-time due to their reliance on an iterative
Newton solver, which is computationally expensive and divergent on a GPU. Further-
more, resampling-based techniques such as ReSTIR, whilst designed for real-time per-
formance, struggle to render caustics eêectively due to the challenges of reusing paths
with high-frequency specular components. BPT, though unbiased and theoretically
faster, suêers from computational overhead: connecting n eye paths with m light paths
scales as O(mn), making it less practical for initial prototyping. LT thus emerges as
a pragmatic candidate, bridging simplicity and performance with its single-pass, ray-
centric design.

To validate LT’s suitability for caustics, this chapter adopts a structuredmethod-
ology. First, a CPU-based implementation, Candela Light Tracer (CLT), is developed.
This serves multiple purposes: isolating algorithmic correctness from GPU-speciac
complexities, enabling thorough debugging via Anvil (a visual debugging framework
introduced in Chapter 4), and establishing a ground-truth reference for subsequent
GPU porting. Anvil’s role is pivotal here, allowing inspection of light paths and energy
propagation at runtime, which is especially valuable for diagnosing sampling artefacts
or numerical instabilities in stochastic methods.

The CPU implementation also facilitates quantitative evaluation. By compar-
ing CLT against Candela’s veriaed PT implementation, we rigorously assess LT’s rela-
tive eëciency for caustics, quantifying speedups in convergence and highlighting sce-
narios where LT outperforms PT. Such analysis informs the GPU adaptation, where
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LT’s statelessness and ray coherence align ideally with hardware-accelerated ray trac-
ing. The transition to GPU proceeds incrementally, with Anvil verifying each ported
component (e.g., kernelised ray generation or importance sampling) against the CPU
reference. This phased approach mitigates risks inherent in GPU debugging, where
traditional tools often falter at reconstructing stochastic processes.

In summary, this chapter justiaes LT as amiddle ground between PT’s generality
and BPT’s complexity, leveraging modern GPU capabilities while avoiding biases and
overheads inherent in other algorithms such as those reviewed in Chapter 3. By com-
bining a CPU reference implementation for veriacation, Anvil-driven debugging, and
incremental GPU porting, we aim to demonstrate LT’s viability for real-time caustics,
laying groundwork for future hybrid techniques.

5.1 Light Tracing
A naive light tracer is one where paths start from the light source and are distributed
equally and randomly in all directions. Consequently, no importance sampling occurs.
Depending on the camera model, a light tracer collects either bux (for example, for a
thin lens camera) or irradiance (for a pinhole camera) using the importance equation
(Equation 2.51) coupled with the measurement equation (Equation 2.52). A anal av-
eraging step transforms bux or irradiance into radiance.

ΔA0

ΔA1

ΔA2

Δθ0

Δθ1

Δθ
2

Δα
0

Δα1

Figure 5.1 The process of light tracing with a pinhole camera

Figure 5.1 illustrates the process of light tracing when a pinhole camera model
is used. A random point on the light source is selected, denoted as ∆A0. The total
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irradiance bowing from ∆A0 towards the camera within ∆θ0 steradians is computed.
A random direction subtending ∆α0 steradians is then chosen, and the ray propagates
until it intersects an object in the scene. In this instance, the ray strikes the tall box,
forming a projected area ∆A1. Similarly, the irradiance bowing from ∆A1 towards the
camera within ∆θ1 steradians is calculated. The cycle is repeated by selecting another
random direction from ∆A1.

5.1.1 Derivation
The formulation for irradiance is described in Equation 5.1. The irradiance caused by
direct light corresponds to the scenario where ∆A0 emits radiance into the solid angle
∆θ0. This solid angle ∆θ0 is equal to cos(θ0)∆A0

r2
, using the substitution from surface area

to solid angle (see Equation 2.35). Equation 5.1 is obtained by taking the limit as∆A0 →
0 and summing all the inanitesimal areas. Here, Le denotes the emitted radiance, r is
the distance between the camera and the point in question, cos(A) is the dot product
of the normal of surface A with the direction vector towards the camera, and cos(θ)
represents the dot product of the camera’s normal with the direction vector towards
surface A.

E =

∫

A

Le cos(θ)
cos(A)

r2
dA (5.1)

The irradiance resulting from indirect light via the arst bounce is calculated as
follows. The total bux incident on ∆A1 from ∆A0 is Le cos(θ0)∆α0∆A0. The projected
area of the box’s surface in the direction of the light is ∆A1 cos(θ1), and the solid an-
gle subtended by the light element with respect to the box’s area element is ∆Ω. The
average incident radiance on surface ∆A1 is presented in Equation 5.2.

Li =
Le cos(∆A0)∆α0∆A0

∆A1 cos(∆A1)∆Ω
(5.2)

The outgoing radiance from surface ∆A1 to the camera is Lo. This value can be
computed using the rendering equation.

Lo =

∫

Ω

Licos(∆A1)frdω (5.3)

Since radianceLi is incident from a single directionwith solid angle∆Ω in this instance,
Lo evaluates to

Lo = Licos(∆A1)fr∆Ω = (
Le cos(∆A0)∆α0∆A0

∆A1 cos(∆A1)∆Ω
)(fr cos(∆A1)∆Ω) (5.4)
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Lo =
Le cos(∆A0)∆α0∆A0

∆A1

fr (5.5)

Using the approximate surface formulation of the rendering equation as well
as using the solid angle substitution (∆θ1 = cos(∆A1c)∆A1

r2
, cos(∆A1c) is the dot product

between the surface normal of ∆A1 and the camera, and r is the distance between ∆A1

and the camera), the whole expression becomes

∆E =
Lo cos θ∆A1 cos(∆A1c)

r2
(5.6)

Substituting Lo results in the following expression:

∆E =
Le cos(∆A0)∆α0∆A0fr

∆A1

cos θ∆A1 cos(∆A1c)

r2
(5.7)

∆E = Le cos(∆A0)fr cos θ
cos(∆A1c)

r2
∆α0∆A0 (5.8)

Taking the limit as ∆α0 → 0 and ∆A0 → 0 and summing all the inanitesimal solid
angles and surfaces, the incident irradiance becomes:

E =

∫

A

∫

α

Lefr cos θ cos(A0)
cos(A1c)

r2
dαdA (5.9)

The general recursive irradiance equation for a pinhole camera is:

E =

∫

A

WLedA (5.10)

where

W = cos θ
cosA
r2

+

∫

Ω

Wfr cosωdω (5.11)

Equation 5.10 enables the computation of irradiance at the camera’s pinhole. To
obtain radiance values for each pixel, this irradiance must be distributed across all pix-
els. Whenever an irradiance contribution is made, the corresponding pixel is identiaed
and the irradiance is accumulated in that pixel’s irradiance buêer. Equation 5.12 is used
to calculate the average radiance across the solid angle subtended by a pixel PΩ and is
applied to every pixel to determine its radiance value. The term EPΩ

represents the ac-
cumulated pixel irradiance. Pr =

∫

PΩ

cos θdω is a constant which diêers per pixel and
can be initialised when the program starts.

This value can be computed analytically, partly because there is no occlusion
between the pinhole and the pixel plane. Another reason is that the pixel plane and
the pinhole camera maintain a axed relative orientation; the pixel plane’s normal and
the pinhole camera’s normal are always parallel. These simpliacations enable calcula-
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tions using traditional calculus. Equation 5.13 presents the antiderivative for this inte-
gral, and Equation 5.14 shows the antiderivativewith the integral bounds incorporated.
Here, x0, y0, x1, and y1 are the world space coordinates deaning the pixel square, and z

is the distance from the pinhole to the pixel plane.

LAvg =

∫

PΩ

L cos θdω
∫

PΩ

cos θdω
=

EPΩ

Pr

(5.12)

Pt(x, y, z) =

∫

cos θdω =
1

2





x arctan
(

y√
x2+z2

)

√
x2 + z2

+
y arctan

(

x
√

y2+z2

)

√

y2 + z2



 (5.13)

Pr = Pt(x1, y1, z) + Pt(x0, y0, z)− Pt(x1, y0, z)− Pt(x0, y1, z) (5.14)

5.2 Candela
Candela is a CPU-based renderer featuring a path tracer implementation. This sec-
tion arst outlines the materials supported by Candela and describes its path tracing
algorithm, then details the implementation of our light tracer, referred to as CLT. We
subsequently compare the performance of PT and CLT across a range of scenes to eval-
uate their eëcacy in rendering caustics. This comparison serves to identify the most
suitable candidate for GPU implementation.

5.2.1 Materials
The materials in Candela utilise a smooth compound BSDF model made up of three
components: a Lambertian BRDF for diêuse rebection, a specular BRDF for perfect
mirror rebection, and a specular BTDF for perfect transmission. Themodel is governed
by three material coeëcients kd, ks and kt representing diêuse, specular, and transmis-
sive components respectively which are constrained by energy conservation such that
kd + ks + kt = 1. When a ray intersects a material surface, the BSDF sampling proce-
dure stochastically selects one component with probability proportional to its coeë-
cient. For the Lambertian BRDF, cosine-weighted hemisphere sampling is used, which
importance-samples directions according to the projected solid angle distribution char-
acteristic of Lambertian materials. For rebection, the ray is perfectly rebected without
attenuation, while for transmission, the ray refracts according to Snell’s law based on
the material’s refractive index. Volumetric absorption through participating media is
simulated using Beer’s law, accounting for material thickness and absorption proper-
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ties, while the coeëcient normalisation ensures the BSDF maintains energy conserva-
tion throughout the light transport process.

Figure 5.2 illustrates how an incoming ray (shown in red)may be split according
to the Candela material model. The red ray strikes the material, with a proportion
kd being diêusely rebected (indicated by green arrows), kr being rebected (top blue
arrow), and kt being transmitted (top orange arrow). At the subsequent intersection,
which occurs within thematerial (after absorption governed by Beer’s law, e−skb , where
kb is the absorption coeëcient and s is the distance travelled through the material), the
raymay undergo total internal rebection depending on the angle of incidence, or it may
be transmitted, exiting the material. Both outcomes are subject to a throughput factor
of k2

t e
−dkb .

Figure 5.2 Candela Material. Rays: red is incoming, green is diêuse, blue is rebection
and orange is refraction.

5.2.2 Candela Path Tracer
The Candela Path Tracer implements a forward path tracing algorithm (depicted in Al-
gorithm 1, with variable deanitions in Table 5.1) that constructs paths from the camera
into the scene, accumulating radiance contributions through multiple light bounces.
The algorithm begins by initialising a radiance accumulator and path throughput vari-
able, then iteratively traces rays through the scene geometry. At each intersection point,
the algorithmhandles participatingmedia through Beer’s law attenuation, applying ex-
ponential decay based on the material’s absorption coeëcient and travel distance.

The core of the algorithm employsNEE for direct lighting calculation, uniformly
sampling light sources and testing visibility through shadow rays, while computing the
geometric termG to account for the cosine-weighted solid angle relationship. Path con-
tinuation uses BSDF importance sampling to determine subsequent directions, updat-
ing the path throughput T with the ratio of the BSDF evaluation to the sampling prob-
ability. The algorithm incorporates Russian roulette termination after three bounces,
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maintaining unbiased results through probabilistic path termination with throughput
compensation.

The rendering algorithm relies on NEE to account for light emission. However,
NEE failswith specularmaterials, as their perfectly deterministic bounce direction (dic-
tated by the incident direction and material properties) prevents the construction of a
connection path to a light source. To solve this, the system directly accumulates emis-
sive light after a specular bounce, if an emissive material is hit. This exception han-
dling guarantees that mirrors, glass, and other specular surfaces are lit correctly. How-
ever, this works only with area-based lights because specular surfaces cannot connect
to point or point-based lights such as spot lights. Consequently, path tracing fails to
capture the caustics these lights produce.

Variable Deanition
A(P ) Surface area of light source P
G(x↔ xlight) Geometric term between surfaces
L Accumulated radiance along the path
Ldirect Direct lighting contribution
Le(xlight) Emitted radiance at light point xlight
L Set of light sources (emissive primitives)
P Sampled light source
S Scene geometry and materials
T Path throughput (weight of current path segment)
U Random sampler (pseudo-random number generator)
f BSDF: Compounds BRDF and BTDF
fr BRDF
i Bounce counter (number of surface interactions)
m Material properties at intersection
n Surface normal at intersection
nlight Normal at sampled light point
pcont Russian roulette continuation probability
pω PDF of the sampled direction ωo

r Current ray being traced
rin Input ray (origin + direction)
rshadow Shadow ray for visibility testing
t Ray intersection distance
x Intersection point
xlight Sampled point on light source
δprev Flag indicating previous bounce was Dirac delta (specular/glass)
ε Small oêset to avoid self-intersection
θlight Angle between shadow ray and light normal
θsurf Angle between shadow ray and surface normal
σa Absorption coeëcient for participating media
ω, ωlight Emission direction from light source
ωo Sampled outgoing direction for next bounce

Table 5.1 Variable Deanitions for all Algorithms
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5.2.3 Candela Light Tracer
The Candela Light Tracing algorithm depicted in Algorithm 2 (with variable deani-
tions in Table 5.1 and Table 5.2) implements a pure backward path tracing approach
that constructs light paths from emissive sources. The algorithm begins by uniformly
selecting a light source from the scene’s emissive primitives (L) and sampling a point
on its surface. For area lights, this typically involves cosine-weighted sampling to sam-
ple directions proportionally to the cosine between the surface normal and outgoing
direction. The initial path throughput T accounts for the light’s emitted radiance Le,
surface area A(P ), and selection probability.

For subsequent bounces, the sampling strategy depends on the material prop-
erties at each intersection point. Lambertian materials use cosine-weighted sampling,
while specular materials use perfect rebection and transmission directions, and com-
plex BSDFs use their own importance sampling strategies tailored to their scattering
characteristics. At each path vertex, the algorithm checks for direct connections to the
camera, evaluating the geometric term G that encodes the cosine-weighted solid angle
relationship between the light point and camera, and accumulating irradiance contri-
butions to corresponding pixels when paths are unoccluded.

Thepath throughput accumulates the product of BSDF evaluations, cosine terms,
and probability density function reciprocals, maintaining the path’s weight while ac-
counting for participating media attenuation via Beer’s law for internal intersections.
Russian roulette termination after three bounces ensures unbiased rendering with a-
nite computational resources by probabilistically terminating paths while preserving
energy through throughput compensation. The algorithm ultimately accumulates ir-
radiance (Ebuêer) at each pixel arriving at the sensor from all contributing light paths.

Light tracing shares a key limitation with path tracing where it cannot handle
certain specular surface events. Just as path tracing struggles to sample emissive ob-
jects through a specular bounce, and cannot connect to point-based lights, light tracing
cannot connect light paths from specular surfaces to the pinhole camera, causing them
to render as black.

5.2.4 Methodology
The evaluation of the CLT employs a systematic approach to assess its eêectiveness in
rendering caustics compared to traditional PT. A selection of carefully designed test
scenes is used, ranging from purely diêuse environments to scenes combining diêuse
and specular materials. These scenes are chosen to isolate the performance of each
algorithm under diêerent lighting and material conditions, with particular attention
given to scenarios where caustics dominate the illumination.
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Algorithm 1 Candela Path Tracer
1: function PathTrace(S , rin, U)
2: Input: Scene S , Ray rin, Sampler U
3: Output: Radiance L
4: if L = ∅ then return . L: light sources (emissive primitives)
5: end if
6: L← 0, T ← 1 . Initialise radiance and throughput
7: r← rin
8: i← 0 . Bounce counter
9: δprev ← true . Previous bounce was Dirac delta

10: while true do
11: (x,n,m, t)← Intersect(r,S) . Returns intersection distance t
12: if no intersection then break
13: end if
14: if internal intersection then . Handle participating media (Beer’s law)
15: σa ← m.absorptionCoeëcient
16: T ← T · exp(−σa · t) . Use distance t traveled
17: end if
18: if δprev ∧ ¬internal ∧m.isEmissive() then . Handle emissive surfaces
19: L← L+ T ·m.getEmissive()
20: end if
21: P ∼ U(L) . NEE Phase - Uniform light selection
22: (xlight,nlight)← SampleSurface(P,U)
23: rshadow ← Ray(x, xlight − x, ε)
24: if Unoccluded(rshadow, P ) ∧ cos θsurf > 0 ∧ cos θlight > 0 then
25: G(x↔ xlight)←

cos θsurf cos θlight
‖x− xlight‖2

26: Ldirect ← |L| · A(P ) · Le(xlight) ·G(x↔ xlight)
27: fr ← BRDF(m,−r.direction, ωlight)
28: L← L+ T · Ldirect · fr
29: end if
30: if i ≥ 3 then . Russian roulette termination
31: pcont ← 0.5 . Survival probability
32: if U() > pcont then break
33: end if
34: T ← T/pcont . Adjust throughput for survived path
35: end if
36: (ωo, f, pω)← SampleBSDF(m,−r.direction,n,U) . Sample direction
37: T ← T · f · |ωo · n|

pω
. Update throughput

38: r← Ray(x, ωo, ε)
39: δprev ← IsDiracDelta(m, ωo)
40: i← i+ 1
41: end while
42: return L

43: end function
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Algorithm 2 Candela Light Tracer
1: procedure LightTrace(S , Ebuêer, U)
2: Input: Scene S , Irradiance buêer Ebuêer, Uniform sampler U
3: Output: Updated irradiance buêer Ebuêer
4: if L = ∅ then return
5: end if . L: light sources (emissive primitives)
6: P ∼ U(L) . Select light source uniformly
7: (xlight,nlight)← SampleSurface(P,U) . Light P Surface sampling
8: T ← |L| · A(P ) · Le(xlight) . Path throughput
9: rcam ← Ray(xlight, xcam − xlight, ε) . Light to camera

10: if Unoccluded(rcam) ∧GetPixel(rcam,p) then
11: G(xlight ↔ xcam)← cos θlight cos θcam

‖xlight−xcam‖2

12: Ebuêer[p]← Ebuêer[p] + T ·G(xlight ↔ xcam)
13: end if
14: (ω, pω)← SampleLightDirection(P, xlight,nlight,U)
15: T ← T · |ω·nlight|

pω
. Update throughput with emission sampling

16: i← 1 . Bounce count
17: r← Ray(xlight, ω, ε)
18: while true do
19: (x,n,m, t)← Intersect(r,S) . Returns intersection distance t
20: if no intersection then break
21: end if
22: if internal intersection then . Handle participating media
23: σa ← m.absorptionCoeëcient
24: T ← T · exp(−σa · t) . Use distance t traveled
25: end if
26: rcam ← Ray(x, xcam − x, ε) . Surface to camera
27: if Unoccluded(rcam) ∧GetPixel(rcam,p) then
28: fr ← BRDF(m,−r.direction, ωcam)
29: G(x↔ xcam)← cos θ cos θcam

‖x−xcam‖2
30: Ebuêer[p]← Ebuêer[p] + T · fr ·G(x↔ xcam)
31: end if
32: if i ≥ 3 then . Russian roulette termination
33: pcont ← 0.5 . Fixed survival probability
34: if U() > pcont then break
35: end if
36: T ← T/pcont . Adjust throughput for survived path
37: end if
38: (ωnext, f, pω)← SampleBSDF(m,−r.direction,n,U) . Next direction
39: T ← T · f ·|ωnext·n|

pω
. Throughput update

40: r← Ray(x, ωnext, ε)
41: i← i+ 1
42: end while
43: end procedure
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Variable Deanition
Ebuêer Irradiance buêer storing accumulated illumination per pixel
p Pixel coordinates for camera projection
rcam Ray connecting light/surface point to camera
xcam Camera position/origin
θ Angle between rcam and surface normal
θcam Angle between rcam and camera normal
θlight Angle between rcam and light normal
ωcam Direction from surface point to camera
ωnext Next sampled direction in light path

Table 5.2 Variable Deanitions Speciac to Algorithm 2

To quantify the performance of CLT, SSIM is employed as a primary metric.
SSIM provides a perceptually meaningful measure of image quality by comparing lu-
minance, contrast, and structure between the rendered output and a high-quality refer-
ence image. This allows for an objective assessment of how well CLT preserves ane de-
tails in caustic patterns, particularly in high-frequency regions where traditional meth-
ods often struggle.

A direct comparison between CLT and PT is conducted by rendering identical
scenes with both methods using matched sample counts. The results are analysed not
only in terms of global image quality but also through localised examinations of regions
where caustics are the dominant light transport phenomenon. This targeted compar-
ison helps isolate the strengths and weaknesses of each technique, revealing whether
CLT’s light-arst approach indeed oêers superior convergence for caustics.

The analysis focuses on identifying the strengths and limitations of CLT in con-
trast to PT. By examining areas where caustics contribute signiacantly to the anal im-
age, the methodology highlights the conditions under which light tracing provides a
measurable advantage. This comparative framework not only validates the eëciency
of CLT for caustic rendering but also establishes a foundation for future optimisations
and hybrid rendering approaches.

5.2.5 Evaluation
CLT was evaluated on various scenes consisting of objects composed of diêerent ma-
terials. First, purely diêuse scenes were evaluated, and then specular materials were
introduced. Part of the evaluation involved verifying the correctness of CLT by com-
paring its output with that of a path tracer.
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Cornell Box

The Cornell box is a scene composed entirely of diêuse materials. It consists of a room
containing an area light at the very top and two boxes, one tall and one short. Addi-
tionally, the left and right walls are coloured to enable the observation of light bleeding
eêects.

Figure 5.3 shows the Cornell box scene rendered with a path tracer on the left
and with CLT on the right. Both images were rendered using 737,280,000 samples,
equivalent to 2048 spp given the image resolution of 600 by 600 pixels. The CLT image
achieves an SSIM score of 0.98 relative to the path-traced reference. This indicates a
close match and conarms that CLT converges to the same result. Furthermore, an ex-
ternal web-based tool forming part of Anvil was used to compare radiance values at the
pixel level (see Figure 5.4). Figures 5.5 and 5.6 illustrate the convergence of the images
with increasing sample counts of 1, 4, 16, 64, and 256 spp. At each stage, the sample
count is increased by a factor of four.

PT: SSIM 1.0 CLT: SSIM 0.98

Figure 5.3 The Cornell box rendered with PT and CLT at 2048 spp

Based on the results from these images, it is observed that for purely diêuse
scenes, path tracing is superior. The reason is that in path tracing, next event estimation
is used at every intersection, thereby explicitly sampling a light source. In contrast, with
CLT, samples are distributed according to the power distribution of the light source.
Light paths can be lost if they do not pass through any pixel. The extent to which this
occurs depends primarily on the scene type and the sampling strategies employed.
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Figure 5.4 Anvil web radiance viewer

Glass Sphere

The glass sphere scene is a modiaed version of the Cornell box. The boxes are replaced
by a hovering glass sphere. The sphere is not centred directly under the area light, but
is positioned closer to the viewer. The optical properties of the sphere bend the light,
concentrating it on the boor.

Figures 5.7 and 5.8 illustrate the performance of the path tracing algorithm and
CLT at varying sample sizes. It is important to note that the sphere appears black in the
CLT render because light rays cannot connect back to a pinhole camerawhen using light
tracing. The probability of sampling a point in space is zero. CLTperforms impressively
in this scenario. The caustics appear immediately, even with just one samples per pixel.
The caustics rendered by the path tracer at 256 spp are inferior to those produced byCLT
at 16 samples per pixel. Figure 5.9 compares the results against a light-traced ground
truth.
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PT: 1 spp, SSIM 0.21 CLT: 1 spp, SSIM 0.1

PT: 4 spp, SSIM 0.37 CLT: 4 spp, SSIM 0.27

PT: 16 spp, SSIM 0.61 CLT: 16 spp, SSIM 0.55

Figure 5.5 The Cornell box rendered with PT and CLT at 1, 4, and 16 spp.
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PT: 64 spp, SSIM 0.81 CLT: 64 spp, SSIM 0.79

PT: 256 spp, SSIM 0.92 CLT: 256 spp, SSIM 0.92

Figure 5.6 The Cornell box rendered with PT and CLT at 64 and 256 spp.
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PT: 1 spp CLT: 1 spp

PT: 4 spp CLT: 4 spp

PT: 16 spp CLT: 16 spp

Figure 5.7 The glass sphere rendered with PT and CLT at 1, 4, and 16 spp
88



5 Light Tracing

PT: 64 spp CLT: 64 spp

PT: 256 spp CLT: 256 spp

Figure 5.8 The glass sphere rendered with PT and CLT at 64 and 256 spp
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CLT (16384 samples)
Ground truth
Q = 100.00

PT (256 spp)
Q = 47.72

CLT (1 sample)
Q = 41.01

CLT (4 samples)
Q = 45.64

CLT (16 samples)
Q = 49.86

CLT (64 samples)
Q = 55.02

CLT (256 samples)
Q = 59.04

Figure 5.9 Comparison of a detail from Figures 5.7 and 5.8 against ground truth using
HDRVDP version 2.2.2. Q is a metric returned by HDRVDP; a value of 100 represents

the best quality (perfect match) and lower values represent lower quality. The
path-traced image (caustic) at 256 spp is of lower quality than light-traced (CLT)

images at 16 samples.

Ring

The ring scene is a modiaed version of the Cornell box, where the two boxes are re-
placed by a ring. The light source has been relocated downwards to the far back of
the Cornell box, as shown in Figure 5.10. It is also oriented facing downwards, which
presents a challenge for CLT. The ring is composed of a mirror-like rebective material;
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Figure 5.10 The ring scene - observation of setup

it is not metallic and rebects 90% of the light while diêusing the remainder. The angle
between the light source and the ring is suëciently steep to form a cardioid pattern on
the boor. The camera is positioned directly above the ring, looking down upon it.

Figures 5.11 and 5.12 show the path tracing algorithmandCLT at varying sample
sizes. The fundamental nature of each algorithm is immediately apparent at one sam-
ples per pixel, as observed through the image brightness. The next event estimation
employed in path tracing ensures that pixels depicting diêuse surfaces receive light. In
contrast, with CLT, light reaches the observed area far less frequently in this conagura-
tion. This also indicates that many samples in CLT are wasted, as the light rays seldom
connect to the pinhole camera. It is important to note that the circumference of the ring
appears bolder in the CLT render because light tracing does not connect specular rays
with a pinhole camera.

The cardioid pattern that emerges with an increasing number of samples is es-
sentially equivalent for both algorithms. CLT is expected to be superior for rendering
caustics. However, in this scene, only a few light rays reach the relevant area, and caus-
tics require light rays in order to form.

5.2.6 Discussion
The evaluation results presented in Section 5.2.5 demonstrate light tracing’s particular
eêectiveness for rendering caustic eêects. The CLT achieved exceptional results for re-
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PT: 1 spp CLT: 1 spp

PT: 4 spp CLT: 4 spp

PT: 16 spp CLT: 16 spp

Figure 5.11 The ring rendered with PT and CLT at 1, 4, and 16 spp
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PT: 64 spp CLT: 64 spp

PT: 256 spp CLT: 256 spp

Figure 5.12 The ring rendered with PT and CLT at 64 and 256 spp
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fractive caustics in the glass sphere test case, though its performance for rebective caus-
tics proved comparable to traditional path tracing. This diêerence stems from CLT’s
current implementation using cosine-distributed importance sampling, following Lam-
bert’s law for light emission. While this eëciently captures the energy distribution of
area lights, it remains suboptimal for generating focused caustic patterns.

To better target caustic formation, the sampling strategy could be modiaed to
explicitly prioritise specular surfaces - an approach analogous to next event estimation
in path tracing, but operating in the opposite direction (light-to-camera rather than
camera-to-light). Such an adaptation would more eêectively exploit light paths con-
tributing to bright caustic features, dramatically reducing the required sample counts
for equal quality. Preliminary analysis suggests this optimisation could potentially re-
duce computation time by an order of magnitude for caustic-dominated scenes, bring-
ing high-quality caustic rendering comfortably within real-time performance budgets
on modern GPU hardware.

This strategic modiacation preserves light tracing’s inherent advantages - its un-
biased nature and avoidance of complex data structures - while addressing its current
limitations for certain caustic types. The resulting hybrid approach combines the con-
ceptual simplicity of light tracingwith sampling optimisations speciacally designed for
specular light transport phenomena.

5.3 CandelaDXR
Building upon the andings from the initial study, which identiaed light tracing as a
viable technique for real-time caustic rendering due to its computationally eëcient ar-
chitecture and inherent suitability for GPU acceleration, this section presents an ex-
tended implementation within the CandelaDXR framework. Our approach incorpo-
rates a specialised light tracing shader developed using DXR, designed to achieve high-
performance caustic rendering while maintaining physically accurate results.

The implementation process revealed several technical nuances and challenges,
each systematically addressed through our development pipeline. The Anvil debug-
ging framework proved instrumental in this regard, enabling early identiacation and
resolution of tracing artefacts and sampling inconsistencies. To ensure rigorous assess-
ment, we employ a comparativemethodology, benchmarking our GPU implementation
against reference renders generated by the veriaed CPU-based light tracer. This evalu-
ation encompasses both qualitative assessment of visual adelity and quantitative anal-
ysis of performance metrics, including computation times across various test scenes.
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5.3.1 Design

Materials

Material sampling follows a hierarchical decision process based on the CandelaDXR
material model, which extends the original Candela framework by incorporating Fres-
nel eêects for physically accurate throughput and diêusion after transmission tomodel
translucency. The throughput components are deaned as Ts = Fr(dot(x0, n), n1, n2) for
specular rebection, Td = (1 − Fr)d for diêuse rebection, and Tt = (1 − Fr)(1 − d) for
transmission, where d is the dissolve factor controlling material opacity. The sampling
process begins by generating a random variable u0. This value is compared against Ts

for specular rebection. If u0 ≤ Ts, the path is rebected specularly. If not, a second
random variable v0 is drawn. This value is then compared against the dissolve factor
d to determine the secondary scattering event: if v0 ≤ d, the path undergoes diêuse
scattering, further sampled from a cosine-weighted hemisphere; otherwise, it refracts
according to Snell’s law.

Figure 5.13 illustrates how an incoming ray (depicted in red) is split according
to the CandelaDXRmaterial model. The red ray intersects the material, and the Fresnel
equations are used to determine the proportion allocated to the rebected ray (top blue
arrow), with throughput Fr. The proportion of light that is transmitted (top orange
arrow) and diêusely rebected (top green arrows) corresponds to 1 − Fr. The dissolve
value d determines how this throughput is distributed between diêuse rebection and
transmission: a value of 1 allocates all throughput to diêuse rebection, while a value of
0 assigns it entirely to transmission. At the next intersection, which occurs within the
material (after accounting for absorption via Beer’s law), Fresnel is again applied to
determine the allocation of throughput between total internal rebection (bottom blue
arrow) and transmission. A transmission event is further subdivided into a specular
component (bottom orange arrow) and a diêuse component (bottom green arrows),
contributing to the modelling of translucency.

Figure 5.13 CandelaDXR Material. Rays: red is incoming, green is diêuse, blue is
rebection and orange is refraction.
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Pseudo-Random Number Generator

High-quality random number generation is critically important in light tracing imple-
mentations, as shaders relying on stochastic sampling processes are particularly vul-
nerable to artefacts when random number quality is suboptimal. Light tracers exhibit
greater sensitivity to these statistical imperfections, given their dependence on direct
sampling of light sources. When the underlying distribution lacks proper statistical
properties, visible artefacts emerge, most notably on diêuse surfaces where sampling
irregularities manifest as conspicuous patterns. As demonstrated in Figure 5.14, the
use of an inadequate random number sampler produces wave-like artefacts along the
walls of the Cornell Box scene, underscoring the necessity of robust random number
generation in light transport simulation.

Figure 5.14 Poor sampler usage in Light Tracer. LCG (1664525, 1013904223). Artefacts
can be observed as wave patterns

Our light tracing implementation utilises a permuted congruential generator
(PCG) [99] as its foundational random number generation engine. The selection of
PCG was motivated by its dual advantages of computational eëciency (requiring only
minimal state storage) and native support for multiple independent streams, making
it particularly well-suited to GPU-accelerated rendering. We employ the pcg32i_ran-
dom_t variant, which provides strong statistical properties including a substantial 232
period length and access to 231 statistically distinct streams. Each stream guarantees
both reproducibility (generating identical sequences given the same seed) and unique-
ness relative to other streams.

Implementation-wise, we initialise all parallel threadswith a common seedwhile
ensuring stream uniqueness through thread-speciac identiaers. The complete state of
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each PRNG instance is persistently stored within a dedicated texture buêer, maintain-
ing pixel-isolated computational states across renders. This architecture delivers three
key beneats simultaneously: elimination of thread synchronisation overhead through
completely independent execution paths, guaranteed render reproducibility via deter-
ministic sequence generation, and statistically robust sampling outcomes through guar-
anteed stream independence. The texture-based state preservation further optimises
memory access patterns for GPU architectures, ensuring eëcient utilisation of parallel
processing resources during light transport simulation.

Light Sampling

In light tracing, where rays are traced from the light sources, a sampling strategy must
be established for each light source. Point lights are straightforward to sample, as points
can be uniformly selected across the unit sphere. The probability of choosing any given
point is 1/4π. For spotlights, a similar approach could be employed by using rejec-
tion sampling to only accept points within the speciaed solid angle (lobe). However,
this method would be ineëcient, particularly when the lobe is narrow. Instead, di-
rect sampling of the spherical cap is preferable. The probability density in this case is
1/(2π(1 − cos(φ))), where φ denotes the angular spread of the cone. This expression
corresponds to the inverse of the spherical cap’s surface area. In our implementation,
the spotlight is modelled with a single lobe, omitting the distinction between an inner
and outer cone.

Sampling directional lights presents a challenge, as they are typically modelled
such that any unoccluded path from the shading point to the sky results in illumina-
tion. However, from the perspective of direct light sampling, this would entail an in-
anite area, making uniform sampling impractical. To address this, we arst constrain
the directional light to a anite region. This is achieved by constructing a bounded area
above the scene, derived from the scene’s axis-aligned bounding box (AABB) and the
directional light’s angle. We then sample this area uniformly with a probability den-
sity of 1/A, whereA denotes the area, while ensuring that emitted light follows a single
axed direction.

For area lights, the sampling process involves arst selecting a random point on
the light’s surface, followed by generating a direction over the hemisphere. Given that
area lights possess a deaned surface element, we adhere to Lambert’s cosine law, sam-
pling the hemisphere using a cosine-weighted distribution rather than a uniform one
to better match the energy distribution. The resulting probability density function is
given by A cos(φ)/π, where A represents the area of the light and φ denotes the angle
between the surface normal and the sampled direction.
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Figure 5.15 Visualisation of constrained directional light above scene

Data Structures

The light tracing implementation employs several specialised data structures distinct
from those used in conventional shaders. Central to the algorithm is an irradiance ac-
cumulation texture (32 bytes per pixel), which stores two distinct components: diêuse
illumination and caustic contributions, each represented as RGB values with an un-
used alpha channel for memory alignment. This separation facilitates potential post-
processing operations in future extensions. The texture utilises unsigned integer stor-
age to circumvent racing conditions inherent in multi-threaded boating-point accumu-
lation. As shown in Listing 6, the underlying structure comprises twouint4 components
(diêuse and caustic), with the accumulation buêer being cleared between frames to en-
sure proper temporal isolation.

Listing 6 IrradianceItem struct in C
struct IrradianceItem
{

uint4 diff;
uint4 caust;

};
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Complementing this, a read-only conversion texture (4 bytes per pixel) contain-
ing a single boating-point value enables eëcient irradiance-to-radiance transformation
during the secondary rendering pass. This static texture requires regeneration only
when the output resolution changes, maintaining computational eëciency.

The anal output is maintained across frames through two persistent radiance
accumulation textures (RGBA boat format) - one dedicated to diêuse components and
another for caustics. These buêers preserve their state throughout rendering sequences,
only being invalidated during scene modiacations such as animation updates.

Finally, to maintain the random number generation state across rendering op-
erations, we employ a dedicated texture buêer that preserves the PRNG state for each
pixel. This state texture utilises a compact representation, storing each pixel’s current
PRNG state as a single 32-bit unsigned integer (4 bytes per pixel). The state texture is
persistently maintained between frames.

5.3.2 Concurrency Considerations
Several challengeswere encounteredduring the implementation of theGPU light tracer.
One such challenge pertains to the accumulation of the irradiance buêer. GPU threads
operate most eêectively when each thread writes to its designated memory. For in-
stance, in path tracing, radiance is accumulated for each pixel independently, thus as-
sociating each thread with a speciac pixel. Conversely, a light tracer begins by trac-
ing light from a light source. A pixel receives irradiance based on the path taken by
the light ray, a process characterised by randomness since light tracing utilises Monte
Carlo integration. Therefore, when the process of light tracing is spawned, each thread
is associated with a random light source and a random light path.

Accumulation in the irradiance buêer is not possible without synchronisation or
atomic primitives since many threads may write to the same memory location (pixel).
DirectX provides atomic primitives that allow for atomic operations on sharedmemory.
Our implementationmakes use of InterlockedAdd, a function that adds a reference to the
destination and accumulates it with a given value. The main issue is that InterlockedAdd
works only on integer types and as far as we know, there is no alternative that works
with boating point types.

A workaround has been implemented but with some limitations. The boat-
ing point value is converted to an unsigned integer using min(round(value * pow(2,
rangeBits)), 232). rangeBits is conagurable and is set to 24 by default. This eêectively
encodes the boating point number to axed point, allocating 8 bits to the the integer
part and 24 bits to the fractional part. This axed point value can be accumulated nor-
mally using InterlockedAdd on the integer resource. This workaround is not perfect but
it allows for accumulation of irradiance values. The reason is that small values could
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underbow and very large values could potentially overbow. The eêective range is from
2−24 to 28. While this range is usable, there may be problems for caustics. Since caustics
often concentrate light, there may be a large number of threads accumulating irradi-
ance on the same pixel. Scenes having very bright light sources need more bits in the
integral part, otherwise overbow occurs. Figure 5.16 shows the caustics produced by a
scene (veach-bidir) where very bright caustics are produced. Distortion in the colour
space occurs due to overbow because the integral part is only 8 bits. Shifting the bal-
ance to 16-bit for both integral and fractional parts solves the issue, this result is shown
in Figure 5.17. In general, however, using a range of 8 bits works because most scenes
do not deane very bright light sources.

Figure 5.16 24-bit Range Figure 5.17 16-bit Range

5.3.3 Naive Light Tracer Pipeline
The light tracer is implemented via a ray-tracing-based pipeline, initiated by a spe-
cialised shader (depicted in Algorithm 3, with variable deanitions in Tables 5.1, 5.2
and 5.3) that begins by selecting a random light source L from the set L and sampling a
random emission direction, yielding an origin x0 and direction ω0. The initial contribu-
tion C is weighted by the light’s bux ΦL and the reciprocal of the sampling probability
p(ω0), propagating light throughout the scene iteratively. As the ray traverses the scene,
at each intersection point xi, the material propertiesM, including refractive index ηM,
diêuse rebectance ρd, dissolve factor d, and absorption coeëcient σa are queried. The
Fresnel functionF computes the specular rebection proportion F based on the incident
angle and the indices of refraction (η1 and η2, assigned based on whether the hit is in-
ternal or external). For internal hits, Beer’s law attenuates the contribution by e−σati .
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Upon encountering a diêuse surface, the path’s contribution to the pinhole camera is
evaluated by checking visibility along direction ωe and, if unoccluded, the computed
radiance I , which incorporates the diêuse BRDF fr =

ρd
π
(1−F )d, geometric factors, and

inverse square distance, is atomically accumulated into the corresponding pixel in the
output image using the previously discussed synchronisation primitive. The path then
continues by sampling a new direction ωi through specular rebection, cosine-weighted
diêuse scattering, or refraction via Snell’s law, with probabilities proportional to F ,
dM(1−F ), and (1−dM)(1−F ), respectively, ensuring energy-preserving transport. To
ensure fair comparisonwith the path tracer, the total number of primary rays generated
matches the product of the image’s horizontal and vertical resolution dimensions.

To conclude the process, a anal compute shader pass is executed to normalise
the accumulated irradiance by dividing by the total number of samples. This averaging
operation yields the estimated radiance per pixel, computed using Equation 5.14 as
the fundamental relationship between accumulated measurements and anal radiance
values.

Variable Deanition
E Irradiance contribution to be added to buêer
F Fresnel rebectance coeëcient
F Fresnel function
c Sign factor for normal orientation (1 for external, -1 for internal)
dm Dissolve value. 0 for pure transmission, 1 for pure diêuse rebection
ng Geometric/bat normal at intersection
ni Interpolated/shading normal at intersection
ncam Camera normal/direction
pemit Full PDF of light emission sampling
u Random variate for Russian roulette/material selection
ξ Vector of random variates for sampling
η1, η2 Indices of refraction for current and adjacent media
ηm Material index of refraction
ωcam Direction from intersection point to camera
ω0 Initial emission direction from light source
ωi Next ray direction after scattering
ρd Diêuse rebectance coeëcient

Table 5.3 Variable Deanitions Speciac to Algorithm 3

5.3.4 Methodology
The light tracer is executed on a Windows 11 system equipped with an Intel i7-8700K
CPU and an NVIDIA GeForce RTX 2080 Ti GPU. A varied selection of scenes is em-
ployed, incorporating diverse lighting conditions and materials to facilitate the genera-
tion of distinct caustic patterns, including both low- and high-frequency caustics. Per-
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Algorithm 3 CandelaDXR Light Tracer
1: procedure LightTraceDXR
2: ξ ∼ U(0, 1)∗ . Random variates
3: P ∼ ChooseLight(ξ) . Select light source from L
4: T ← |L| . Initial throughput
5: (x0, ω0, pemit)← SampleLightEmission(P, ξ) . Returns position, direction, and

full PDF
6: T ← T · Le(x0, ω0)

pemit
. General emission sampling

7: i← 1
8: while TraceRay(xi−1, ωi−1)→ (xi, ti, ni, ng,m) do
9: T ← T ·

∣

∣

∣

∣

ωi−1 · ni

ωi−1 · ng

∣

∣

∣

∣

. Handle normals. ni interpolated, ng bat/geometric

10: η1, η2, c←
{

(ηm, 1,−1) if internal
(1, ηm, 1) otherwise

11: F ← F(−c(ωi−1 · ni), η1, η2)
12: if internal then T ← T · e−σati

13: end if
14: ωcam ←

xcam − xi

‖xcam − xi‖
15: if ωcam · ni > 0 ∧ ωcam · ncam > 0 then
16: p← ProjectToPixel(xi)
17: if ¬Occluded(xi, ωcam) then
18: fr ←

ρd

π
(1− F )dm

19: E ← T · fr ·
(ωcam · ng)(ωcam · ncam)

‖xcam − xi‖2
20: AddIrradianceAtomic(p, E)
21: end if
22: end if
23: u ∼ U(0, 1)
24: if u ≤ F then . Specular rebection
25: ωi ← rebect(ωi−1, cni)
26: else if u ≤ F + dm(1− F ) then . Diêuse rebection
27: ωi ← SampleCosineHemisphere(ni)

28: T ← T · ρd(ωi · ni)

πp(ωi)
29: else . Transmission
30: ωi ← refract(ωi−1, cni, η1/η2)
31: end if
32: i← i+ 1
33: end while
34: end procedure
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formance evaluation is conducted by measuring the time required to render a single
frame, expressed in milliseconds per scene, thereby establishing the permissible com-
putational budget. The timing measurement is restricted to the light tracing phase us-
ingDirectX TimestampQueries (D3D12_QUERY_TYPE_TIMESTAMP), encompassing
the clearing of render target views for diêuse and caustic buêers, the light tracing pass,
the irradiance-to-radiance conversion via compute shader, and the compute shader re-
sponsible for transferring radiance output from each buêer (diêuse and caustics) to
subsequent pipeline stages. To enhance statistical reliability, the recorded timings are
averaged across multiple frames.

Quantitative image quality assessment is performed using HDRVDP3, compar-
ing the noisy output of each scene against a reference image generated by the same
light tracer with substantially higher per-pixel sample counts, focusing exclusively on
the caustics buêer. Furthermore, rendered scenes are exhibited at low sampling rates to
visually illustrate noise characteristics, facilitating qualitative analysis to support sub-
sequent discussion.

The results obtained from these experiments inform the subsequent method-
ological reanements. The key considerations centre on whether the current rendering
performance and noise levels meet the required thresholds, or if further optimisation
is necessary. Given that denoising introduces inherent bias, potentially compromising
physical accuracy, strategies to mitigate this trade-oê must be evaluated.

5.3.5 Evaluation
The reference images for scenes used in this evaluation are presented in Figure 8.5.
These images were rendered using hybrid rendering, which combines path tracing and
light tracing, at approximately 4 million spp. Light tracing techniques with importance
sampling, as discussed in Chapter 8 and detailed in Table 8.2, were also employed.
This conaguration applies only to the reference images; the noisy images analysed sub-
sequently use pure light tracing without these importance sampling techniques. Path
tracing was used for paths that the light tracer cannot generate, speciacally those con-
necting specular objects with the pinhole camera. It is important to note that caustic
buêers, which are central to this study, depend entirely on light tracing, since no paths
generated by path tracing contribute to them.

Figure 5.18 presents the caustics buêers for all scenes rendered at 16 spp, demon-
strating signiacant noise across all cases. While discernible caustic patterns emerge in
cup, dice, outer, torus, egg, and water, the cups and reflect scenes exhibit excessive
noise that obscures their caustic structures.

Performancemetrics in Table 5.4 reveal that six scenes achieve eëcient rendering
times, averaging approximately 2.1 ms per frame (1 spp). However, egg (8.38 ms) and

103



5 Light Tracing

water (5.02 ms) demonstrate notably slower performance. The global average of 3.27
ms remains well within the computational budget for real-time 60Hz rendering.

Quality assessment viaHDRVDP3 in Figure 5.19 compares 16 spp renders against
high-reference images (at least 4 million spp). While cup, torus, and water display the
expected monotonic quality improvement, other scenes exhibit an initial decrease fol-
lowed by increasing scores in early sampling stages, suggesting non-linear convergence
characteristics.

scene lt (ms) scene lt (ms)
cup 2.11 outer 2.65
cups 2.06 torus 1.80

reflect 2.06 egg 8.38
dice 2.10 water 5.02

Table 5.4 LT Shader performance per frame (approximate in ms) per scene.
Hardware: Intel i7-8700K, NVIDIA GeForce RTX 2080 Ti

5.3.6 Discussion
The evaluation results demonstrate that the light tracing shader achieves an average ex-
ecution time of 3.27ms per frame, theoretically enabling 5 sppwhen accounting for par-
allel execution with other shaders utilising diêerent GPU resources. This sample count
could potentially be increased by optimising the shader to process multiple samples
per invocation, thereby eliminating redundant buêer copies and irradiance-to-radiance
conversions for each sample.

Hardware limitations also play a signiacant role in performance. The current
implementation runs on an NVIDIA RTX 2080 Ti (2018), which features 68 ray trac-
ing cores. In comparison, modern GPUs such as the RTX 5090 oêer 170 ray tracing
cores, representing a theoretical 2.5-fold performance increase, excluding architectural
improvements per core. This suggests that 16 spp could be feasible on newer hardware.

However, at 16 spp, theHDRVDP3 scores reveal an unexpected decline in several
scenes, likely due to persistent noise overwhelming the signal despite increasing sample
counts. This phenomenon is examined in greater detail in Chapter 8.

While light tracing successfully generates caustics at low sample counts, the raw
output remains unusable without post-processing. For simpler cases like cup, where
high-frequency caustics dominate, a basic high-pass alter may suëce. However, scenes
such as cups and reflect exhibit noise intricately coupled with the caustic signal, de-
manding more sophisticated denoising approaches. Further research is needed to de-
velop real-time caustics processing methods that balance noise reduction with signal
preservation.
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 5.18 Caustics Buêers at 16 spp
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 5.19 HDRVDP3
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Alternative approaches for improving signal quality at the sampling stage prior
to post-processing should be investigated. However, such improvements typically en-
tail increased computational costs, necessitating a careful balance between convergence
speed and perceptual quality. Futurework should explore adaptive sampling strategies
or hybrid rendering techniques that selectively enhance critical regions while maintain-
ing real-time performance constraints. The trade-oês between computational overhead
and visual adelity must be systematically evaluated to determine optimal sampling
conagurations for practical applications.

5.4 Summary
This chapter presented a comprehensive study of light tracing (LT) for rendering caus-
tics, demonstrating its eêectiveness in handling complex light paths that are challeng-
ing for traditional path tracing. The implementation of a CPU-based light tracer (CLT)
provided a reference for verifying the algorithm’s correctness, while the GPU adapta-
tion leveraged the computational power of modern hardware to achieve real-time per-
formance. Key andings include LT’s superior eëciency in rendering refractive caustics
compared to path tracing, though its performance for rebective caustics was compara-
ble. The evaluation highlighted LT’s strengths in handling high-frequency light trans-
port, particularly in scenes dominated by caustics, while also identifying limitations
in noise management and sampling eëciency. These insights set the stage for further
optimisation, particularly in denoising and hybrid rendering techniques, which will be
explored in subsequent chapters. The results underscore LT’s potential as a viable so-
lution for real-time caustic rendering, especially in applications where accuracy and
performance are critical. The development of an evaluation framework, such as the
one used in this study, would signiacantly streamline future research by providing a
standardised platform for testing and comparing rendering techniques.
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In this chapter we introduce Forge — an extension of the Anvil system initially pre-
sented as a visual debugging tool for PBR [100]. Anvil provides higher-level abstrac-
tions for common visual debugging tasks, operating on structured, reusable data types
such as atoms and molecules, representative of essential rendering primitives like rays
and vectors. Building upon this foundation, we substantially expand Anvil’s capabil-
ities in this work, transforming it into a generalised system suitable for systematic, re-
producible evaluation of computer graphics pipelines.

6.1 Challenges in Light Tracing and Denoising
In Chapter 5, we assessed the real-time performance of LT for rendering caustics, con-
sidering both the quality of the resulting caustics and its computational speed. Al-
though promising results were obtained, the renders produced remained excessively
noisy, limiting their practical application. Consequently, two main strategies emerged
for enhancing the quality of renders produced by LT: optimising convergence or em-
ploying appropriate denoising strategies.

Improving convergence often involves integrating sophisticated algorithms from
oìine rendering, which invariably entails a trade-oê between computational overhead
and the required image quality. While increasing computational costs can partly al-
leviate noise issues, residual noise typically persists, suggesting that supplementary
solutions are essential. Thus, specialised denoising approaches targeting caustics are
particularly appealing.

General-purpose denoisers such as ReBLUR and ReLaX, available for real-time
rendering applications, were integrated into our CandelaDXRpipeline. Although these
methods eêectively reduce noise, we observed a signiacant degradation of visual a-
delity, particularly an unwanted loss of sharpness and clarity of the caustics themselves.
This excessive blurring of caustics indicated that general denoising solutions were in-
suëciently tailored for rendering tasks concerning highly detailed caustics patterns.

A promising alternative is spectral denoising, a method involving thresholding
coeëcients within the spectral domain to suppress noise more selectively. We hypoth-
esised that spectral-based denoising could more eêectively isolate noise from signal,
thereby achieving denoising without compromising the sharp deanition that charac-
terises caustics. Nevertheless, to leverage spectral denoising, one must determine the
optimal combination of parameters (such as spectral algorithms, threshold values, tone
mappers, and evaluation metrics) within a vast, combinatorial parameter space. Man-
ually exploring and evaluating this parameter space in a systematic and reproducible
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manner rapidly becomes cumbersome, tedious, and prone to human error.
This challenge motivated the need to systematically streamline the evaluation

process. During our experimentation, several repetitive and commonly shared tasks
emerged, such as comparing rendered images using multiple similarity metrics and
applying standardised denoising algorithms to image buêers. Initially, ad-hoc script-
ing was used to combine these operations; however, such approaches quickly proved
insuëcient due to complexity, lack of standardisation, and the high risk of conagu-
ration mistakes. Beyond denoising, broader challenges in graphics evaluation further
complicate systematic analysis.

6.2 Complexity in Graphics Software Evaluation
Software evaluation, especially within computer graphics, plays a fundamental role
in determining correctness (for instance, whether a speciac model like the rendering
equation is being solved accurately), performance (encompassing both computational
speed and output visual quality), and overall graphical adelity within rendering en-
gines. Unlike standard software performance evaluations, which are often measurable
through straightforwardmetrics, graphics applications introduce evaluation complexi-
ties involving inherently subjective criteria such as visual quality and rendering realism.
These criteria are far more challenging to quantify. Common metrics like PSNR, SSIM,
and advanced perceptual diêerence methods are typically employed in the context of
Monte Carlo rendering to assess a renderer’s capacity to accurately simulate phenom-
ena such as real-world lighting, shading, and textures.

An acute challenge arises from the necessity for rigorous consistency when con-
aguring rendering conditions across diêerent systems or implementations. Even small
variations in scene setup, camera positioning, or illumination can compromise compar-
isons and lead tomisleadingandings. This is particularly criticalwhen generating refer-
ence images used to benchmark diêerent rendering approaches. Manual interventions
for ensuring consistency introduce signiacant risk of human error, posing a serious
obstacle both to the reliability and the reproducibility of research workbows. Com-
pounding this diëculty is the tight coupling that often develops between evaluation
logic and speciac rendering applications, which reduces independence and reusability
of evaluation components.

6.3 Introducing Forge
Forge inherits Anvil’s modular and extensible architecture, eêectively decoupling eval-
uation tasks from speciac rendering engines andproviding reusable, standardisedwork-
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bows. With Forge, researchers not only can perform detailed, consistent, and repro-
ducible evaluations, but also have the bexibility to compare rendering approaches read-
ily across distinct systems without being burdened by manual conagurations and tool-
speciac constraints. Moreover, Forge introduces a robust WebSocket-based evalua-
tion framework that supports decentralised, distributed execution, even acrossmultiple
platforms and programming languages. This design considerably enhances scalability,
adaptability, and usability, making Forge suitable for diverse scenarios ranging from
quick, iterated experiments to complex distributed render farms.

The case studies presented in this chapter demonstrate Forge’s capabilities in
verifying rendering techniques, comparing their performance, and enabling the de-
velopment of new algorithms. By integrating evaluation workbows, we contribute a
powerful tool for both research and development in the aeld of computer graphics,
streamlining the process of testing and validating rendering software across a variety
of applications.

6.4 Forge - An Anvil Evaluation Framework
Forge is a superset of Anvil, extending its functionality while preserving its core de-
sign principles. It is intended to be simple, granting access to powerful analytical tools
with minimal setup and disruption. These analytical tools are implemented as systems
within the ECS design pattern as Anvil supports extensibility through the addition of
further systems, which can be registered via the plugin system.

Anvil operates as a C++ library; applications requiring debuggingwould link to
it either statically or dynamically and submit a stream of entities with a list of relevant
components. These components are well-deaned and documented. For instance, to
debug a path, an entity with a path component is needed. In Anvil’s terminology, this
component is a molecule consisting of relevant atoms, such as position, direction, etc.
Once all the necessary components for a system are present, the system in question
becomes active for evaluation.

Whilst employing Anvil as a library proves eêective for debugging purposes, it
is considered less straightforward for the evaluation of rendering pipelines. To facili-
tate amore natural evaluationmethodology, Forge executes as a standalone application.
This design modiacation enables centralised control and permits the implementation
of standardised evaluation workbows. In this operational mode, renderers must nec-
essarily expose an interface compatible with paired Forge systems.
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6.5 Design
Forge is an application framework that incorporates all of Anvil’s functionality, except
that it is responsible for executing the systems itself. Therefore, the component reposi-
tory, system registry and entities are all stored andmanaged by Forge. The tickmethod
is invoked to execute systems. tick iterates through all available and active systems se-
quentially in their order of registration, passes the entities as parameters and executes
the systems. Throughout the chapter, tick0 represents the arst tick call, tick1 repre-
sents the second tick call, etc. Forge requires startup conaguration before evaluation
starts. Figure 6.1 demonstrates a general conaguration ale that lists one evaluation,
and for this evaluation, the Evaluation System is loaded. Optional conaguration may
be added for each individual evaluation.

{
"evaluations": [

{
"name": "EvaluationSystem",
"config": {

"key": "value"
}

}
]

}

Figure 6.1 JSON conaguration for a general evaluation system

Figure 6.2 illustrates the evaluation process which is typically divided into three
phases. Following startup conaguration, the initialisation phase (tick0) loads and ini-
tialises required systems. The evaluation system typically adds necessary entities and
components during tick0 or tick1. Between tick1 and tickn−1, in the evaluation phase,
systems perform their evaluation tasks where results are iteratively collected and pro-
cessed - for instance, retrieving rendering images and then computing similarity scores.
At tickn, in the analisation phase, where the evaluation result is presented and cleanup
occurs, the evaluation system removes all systems added during tick0 and any entities
with their components created during evaluation. If speciaed in the startup conagu-
ration, additional evaluations may follow. Evaluation systems are thus responsible for
system conaguration, bootstrapping, and data collection throughout this process.

6.5.1 Synchronisation
In Forge, systems are arranged in sequence, executing one after the other within one
tick. However, systems that do not have data dependencies – that is, those that nei-
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Figure 6.2 General process diagram for one evaluation. (+) is add, (-) is remove.

ther read from nor write to the same component types – can run in parallel to opti-
mise throughput. Forge provides a synchronisation speciacation to ensure component
consistency across multiple Forge instances. Any implementation of the speciacation
(Synchronisation System) should be placed after systems for which entity synchroni-
sation is required, acting as a fence that ensures all preceding dependent systems have
completed their execution.

Figure 6.3 depicts Forge in a multi-process conaguration. The Forge main in-
stance is initialised with multiple systems: System set A (executes prior to the syn-
chronisation block), the Synchronisation System, and System set B (a set of systems
executing after the synchronisation block). System set C operates in a separate process,
meaning memory is not shared. In this case, the synchronisation system has been im-
proved to support decentralised systems, which may operate on the same or diêerent
machines. It ensures that System set A (local) are prepared before transmitting and
receiving data from System set C on a separate Forge instance, which runs its own sys-
tems andmodiaes the entities as needed. System set B can proceedwith their execution
once synchronisation is complete.

6.5.2 WebSocket Synchronisation
The WebSocket System, designed to implement the synchronisation speciacation, has
been created to facilitate integration with various systems, including those located re-
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Figure 6.3 Multiple Forge instances communicating through the synchronisation
speciacation. The synchronisation block (dashed rectangle) depicts the

synchronisation process; the synchronisation systems are implicitly represented
between System sets A and B, and encompassed in System set C.

motely. Forge can operate across multiple language runtimes (such as Python), lever-
aging libraries available within those environments. WebSockets were chosen for their
broad compatibility with many programming languages and their ability to function in
web browsers, allowing developers to build evaluation softwarewithweb technologies,
speeding up the development of user interfaces.

The WebSocket System works in two modes: server and client. In server mode,
it can be positioned between systems, capturing a snapshot of all entities at a given mo-
ment and broadcasting it to all WebSocket Systems operating in client mode. In client

mode, the WebSocket System encapsulates other systems that require external data to
function, with the encapsulated systems operating within a single, isolated context.
This isolated context depends solely on the state of the entities maintained by the cor-
responding server instance.

Whenever the tick function is called, the server instance sends these entities to
all connected client instances. Systems running on a client can modify these entities as
needed. Once all systems on the client side have completed execution, the modiaed en-
tities are sent back to the server, which updates the original entities, creating the eêect
that the changes occurred locally. However, entities that contain rebection components
[100] are treated as read-only, and any attempt to modify themwill be silently ignored.
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6.6 Usage
Most of the implementation discussed below requires implementing a Forge system
using its interface. The system interface requires two methods to be implemented;
execute() and required_components(). When Forge calls tick, execute() is auto-
matically invoked. The required_components method has been introduced by Forge
and is optional. However, when implemented, it should return a list of components
that the system requires. This functionality enables Forge to construct a dependency
graph for the concurrent execution of systems.

Depending on the speciac use case, a Proxy System may be required for any
components or systems that are not inherently supported by Forge and are running in
separate processes. This includes external tools, user-created library components, or
other third-party systems that are distinct from those provided by Forge. For exam-
ple, to integrate an external renderer with Forge for evaluation purposes, the following
approach should be adopted:

1. Proxy System Development: An Anvil system should be developed to function
as an intermediary between Forge and the renderer.

2. Interface Requirement: The renderer must expose an interface that the Proxy
System can utilise for conaguration purposes.

3. Conaguration Handling: The Proxy System should be designed to accept stan-
dard renderer conaguration molecules, which it will use to properly initialise the
renderer.

4. Result Collection: The Proxy System should also collect the output from the ren-
derer and organise it into molecules that Anvil can process.

5. Direct Molecule Option: For renderers that have already been integrated with
Anvil for debugging purposes, there is an option to simplify the Proxy System.
In these cases, the renderer can be modiaed to emit result molecules directly, in a
format that is compatible with Forge.

When a required Evaluation System is not available, users must implement a
custom one following the three stages described in Section 6.5: initialisation, evaluation,
and analisation. An Evaluation System operates as a state machine, with each stage
triggered by tick events and synchronised across all systems.

This multi-stage approach is a consequence of the ECS pattern, ensuring that
all systems perform the necessary work and remain synchronised at each stage of the
evaluation.
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Finally, once the implementation is complete, Forge instances are initialised us-
ing a conaguration similar to that shown in Figure 6.1. In cases of multiprocess or dis-
tributed setups, each Forge instance must be loaded with its own JSON conaguration
ale.

6.7 Case Studies
Forgewas evaluated using twoCG test cases: comparing outputs between two diêerent
rendering algorithms on the same scene, and assessing spectral denoising with pre-
computed coeëcients in animation. In addition to being typical tasks in CG evaluation
workbows, such as rendering buêers and comparing raw versus denoised images, the
use cases also highlight Forge’s reusability and synchronisation features.

6.7.1 Light and Path Tracing Veriacation
Veriacation is a critical aspect of computer graphics, particularly for ensuring the ac-
curacy of rendering algorithms. When comparing diêerent techniques, such as light
tracing and path tracing, veriacation is essential to conarm the correctness of their im-
plementations and the consistency of their outputs. It is crucial to verify that both
results are either identical or, at the very least, closely aligned within acceptable er-
ror margins, which can be determined using image similarity metrics. This compari-
son serves several purposes: it conarms the theoretical equivalence of the algorithms,
veriaes the accuracy of their implementations, and helps identify any discrepancies
that may arise due to factors such as numerical precision, sampling strategies, or other
implementation-speciac details.

In this experiment, we use our in-house renderer, CandelaDXR, which is op-
erated via the command line by specifying a JSON conaguration ale that allows for
the adjustment of various parameters. To integrate CandelaDXR with Forge, a corre-
sponding Proxy System was developed. There are two main approaches to building
this system. One option is to expose CandelaDXR as a shared library and develop the
Proxy System in a language capable of interfacing with this library. However, mod-
ifying CandelaDXR’s code could introduce new bugs. The alternative is to write the
Proxy System in any language, conaguring and launching a new CandelaDXR process
to extract the required results. Both methods depend on the renderer’s conagurability
being suëciently expressive. In this case, spawning a new process for each approach
is simpler and preferable, as computational performance is not a primary concern. We
opted to implement this system in Python and it is referred to as the Candela System.

When an Entity contains a RenderConfig molecule, this System launches a Can-
delaDXR renderer process using a JSON conaguration generated from the molecule,
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Metric Score Score TM
FLIP 4.53e-02 8.12e-03

HDRVDP3 9.90 8.84
MSE 9.38e-05 1.77e-05
PSNR 69.94 47.53
SSIM 1.00 0.99

Table 6.1 Cornell Box Shiny comparing light and path traced scores. TM = ACES tone
mapping. FLIP and MSE, lower is better.

and waits for the speciaed frame to be processed. This conaguration dictates whether
the light tracer or path tracer is used, along with the scene setup. Upon completion,
CandelaDXR outputs the resulting buêers to the ale system. The System then attaches
the radiance buêer’s contents as a Buffer molecule, which includes metadata detailing
the buêer type (such as caustics or G-buêer), the pixel format, and whether the image
is a reference or noisy.

The image comparison functionality is handled by a separate Python applica-
tion (another Forge instance). This paired System captures noisy buêers and com-
pares them either against a reference image or other noisy buêers. It retrieves entities
containing the Buffer molecule, executes the image comparison, retrieves the results
(which include ave diêerent metrics per comparison), and attaches these results as a
new molecule, Metrics.

Lastly, the Renderer Evaluation system was developed. On startup, this system
loads its conaguration. For this experiment, both the path tracing and light tracing
algorithms are evaluated using a modiaed Cornell Box scene. On tick0, this data is
embedded in the RenderConfig molecule, and the WebSocket System is conagured to

Figure 6.4 Left: Path traced, Right: Light traced
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Figure 6.5 Light and path tracing bow diagram.

run in server mode, waiting for both the Candela and Metric systems to become op-
erational. The Renderer Evaluation System then monitors for the appearance of the
Metrics molecule on the initial Entity, signalling that the evaluation is ready. Once this
occurs, the results are recorded (see Table 6.1), and the System performs clean-up.

In the other processes, theWebSocket System is set to clientmode, wrapping the
Candela and Metric systems. During tick1, the Candela System receives the Render-
Config molecule and generates the path and light tracing buêers, which are then at-
tached to the same Entity and displayed in Figure 6.4. The Metric System processes
these buêers and attaches the comparison results using a Metrics molecule on the same
Entity. As noted earlier, theWebSocket System ensures that the entities’ states are prop-
erly synchronised and transferred. Figure 6.5 presents a uniaed diagram depicting the
data bow and sequence of operations, including all involved processes.

6.7.2 Spectral Denoising
Spectral denoising [101] involves decomposing images into a speciac domain, typically
frequency-related, where noise can bemore easily distinguished from the true signal. In
this domain, a thresholding function is applied, followed by an inverse transformation
to produce a denoised image. The thresholding function operates in multiple dimen-
sions, and a search algorithm is needed to identify eêective coeëcients. Using these
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coeëcients, we aim to assess their eêectiveness in reducing noise in caustics within
animations.

The image denoising is performed by a Python application called Spectral Im-
age Denoising (SID), which applies a set of thresholding coeëcients and conaguration
properties. To allow Forge to communicate with SID, a corresponding Proxy System
was developed in Python. This allows the denoising logic to be imported directly into
Forge without spawning additional processes. The system is triggered when an Entity
contains both a CoefficientConfig molecule and a Buffer molecule (which holds the
noisy and reference caustic buêers). Once these molecules are detected, denoising is
performed, and the denoised caustics buêer is appended to the Buffer molecule.

The Spectral Evaluation System was designed to conduct this evaluation. Ini-
tially, it loads the conaguration, which includes the coeëcient values and the renderer
settings for a 16-frame animation. Figure 6.6 illustrates the bow of data between sys-
tems and the component repository, as well as the operations performed by the System
at each tick. At the start, the conaguration required by both the Candela and SID sys-
tems is attached to a new Entity. As with the Renderer Evaluation System described in
Section 6.7.1, the WebSocket System is launched in server mode, and both the Candela
and SID systems run as separate processes, each wrapped by the WebSocket System in
client mode.

During tick1, the Evaluation System remains idle, awaiting results. The Can-
dela System (reused from Section 6.7.1) processes the RenderConfig molecule, renders
the speciaed scene, and attaches the resulting frame buêers to the Entity. At this point,
the Buffer molecule contains a noisy image with 16 spp and a reference image with
65536 spp. The SID System then processes these buêers, using the CoefficientConfig
molecule and the noisy 16 spp image to perform denoising, appending the resulting
denoised image to the Buffer molecule. The Metric System (also reused from Sec-
tion 6.7.1) compares the noisy, reference, and denoised buêers, and attaches ave met-
ric results for both Noisy-Ref (noisy image compared to reference) and Denoised-Ref
(denoised image compared to reference) comparisons using the Metrics molecule. In
the next tick, the SID System gathers the metric results for the frame, continuing this
cycle for all remaining frames.

Once all frames have been evaluated, tickn initiates analisation, cleans up by
removing the Entity containing the attached molecules, and generates the result plot
shown in Figure 6.7. The graph illustrates how Curvelet coeëcients perform in denois-
ing animations using theMSEmetric on the same scene it was trained with, but viewed
from diêerent angles. The Denoised-Ref line consistently remains below the Noisy-Ref
line, indicating that the denoising process was successful for this animation according
to the MSE metric. Figure 6.8 displays the noisy and denoised buêers generated for
Frame 8.
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Figure 6.6 Spectral bow diagram.

Figure 6.7 Spectral animation MSE score (lower is better).
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Figure 6.8 Frame 8. Left: noisy, right: denoised.

6.8 Discussion
Data in Anvil is organised into atoms and molecules, which are uniquely labelled data
structures enriched with semantic meaning. This structure allows systems to operate
on well-deaned data. For example, if a system requires a Metrics component, it auto-
matically knows that it will be working with a data structure containing ave key image
quality metrics: MSE, SSIM, FLIP, PSNR, and HDRVDP3. Anvil maintains a registry of
components and systems, which facilitates the reuse of existing molecules when devel-
oping new systems, streamlining the development process.

The usability of Forge largely depends on the number of components, systems,
and evaluation systems already available. For instance, the use case described in Sec-
tion 6.7.2 leveraged both the Candela and Metric systems, signiacantly reducing the
implementation eêort. Additionally, Anvil, and by extension, Forge, is designed to
be extensible, with a plug-in architecture that allows developers to easily create and
share systems. It is also easy to see how conadence in the light and path tracing veri-
acation use case could be enhanced by incorporating other renderer systems that use
RenderConfig molecules. For example, a Proxy System for theMitsuba1 renderer could
be implemented, allowing veriacation against Mitsuba by simply registering its Proxy
System during Forge’s initialisation phase.

Forge encourages developers to evaluate renderers without altering their code,
thereby decoupling evaluation logic from application logic. As long as the renderer can
be conagured through the ale system or an API, it can interface with Forge without
requiring modiacations. Forge also provides synchronisation mechanisms, such as the
WebSocket System, which allow systems to run in isolated process spaces, including
remote systems. This design promotes scalability, making it feasible for use in large-

1https://www.mitsuba-renderer.org/
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scale evaluations, such as those conducted in render farms.
Forge also supports real-time evaluation scenarios. For instance, a renderer may

accept user input to change camera angles or adjust scene materials while it is running.
The resulting frames can be processed by other systems to analyse aspects like tempo-
ral coherence, motion blur quality, or the eêectiveness of diêerent sampling strategies.
This real-time feedback can be invaluable to artists and developers, enabling them to
make informed decisions about scene composition, lighting, or algorithm selection dur-
ing the content creation process. Additionally, real-time analysis can help identify bugs
that might occur under rare or speciac scene conditions. This dynamic bexibility illus-
trates Forge’s potential not only for post-render analysis but also as a powerful tool for
interactive development and optimisation in computer graphics pipelines.

Forge’s architectural design not only makes evaluation more eëcient but also
minimises the potential for human error and conaguration inconsistencies, which are
frequent sources of inaccuracy in comparative CG studies. While Forge was originally
designed for use in the context of CG, it can also be applied in other domains that have
similar workbow characteristics.

6.9 Summary
In this chapter, we introduced Forge, an extension of Anvil designed to standardise
and streamline evaluation in computer graphics pipelines. Forge addresses key chal-
lenges, including conaguration consistency, human error reduction, and experimental
reproducibility, providing a robust framework for accurate and reliable comparisons of
rendering techniques.

Itsmodular architecture ensures bexibility, allowing seamless integration of new
tools without disrupting existing workbows. The synchronisation interface enables de-
centralised, distributed operations, as demonstrated by the WebSocket system, which
supports remote evaluations across diêerent processes or machines. This enhances
scalability, making Forge suitable for both small-scale experiments and large-scale ren-
dering environments.

Case studies conarmed Forge’s eêectiveness in verifying rendering techniques,
measuring their performance, and evaluating new algorithms. By automating evalu-
ations, it minimises human error and conaguration mismatches, ensuring reliable re-
sults.

Developed in tandemwith our research on spectral denoising for caustics, Forge
proved essential in enabling cross-language interoperability (e.g., Python for spectral
analysis, C++ for rendering) and distributed execution (handling software licensing
constraints). It provides a uniaed platform for end-to-end evaluation, from noisy sig-
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nal analysis to denoised output validation, ensuring methodological rigour in caustics
denoising and beyond.

Forge is a versatile, ready-to-use framework that enhances research eëciency
while maintaining accuracy, making it a valuable tool for both academic and industrial
applications.
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7 Spectral Denoising
The generation of photorealistic images through PBR often results in visual artefacts,
notably caustics, which are complex light patterns created by the rebection or refraction
of light oê curved surfaces. The challenge of rendering such phenomena accurately at
low sample counts is compounded by signiacant noise. This is clearly demonstrated
in Chapter 5, where light tracing has been employed and demonstrated at 16 spp for
the use in real-time rendering. Denoising is therefore a critical step in the rendering
pipeline to enhance image quality with less computational costs than generating more
samples.

Fourier, wavelet and curvelet transforms are traditional image transform tech-
niques that have been employed extensively for noise reduction across various domains
of digital image processing. These transforms decompose an image into components at
diêerent scales and orientations, allowing selective reconstruction that aims to retain
important features while mitigating noise. However, the eêectiveness of these tech-
niques in denoising PBR-generated caustics at low sample counts remains unexplored,
especially when compared to modern denoising algorithms developed speciacally for
graphics applications, such as NVIDIA’s OptiX AI-accelerated denoiser, ReBLUR and
ReLAX.

Chapter 6 introduced Forge, an evaluation framework originally developed to
facilitate the assessment of spectral denoising. However, mirroring the approach taken
with Anvil, we identiaed the potential to generalise the framework, thereby extending
its applicability to a wider range of problems within computer graphics and other do-
mains. As Forge serves as a superset of Anvil, it retains the same operational structure
for atoms and molecules, enabling the automatic reuse of existing hooks for real-time
evaluation.

This chapter investigates the viability of traditional image transforms for denois-
ing caustics in PBR scenarios and compares their performance against state-of-the-art
graphics-speciac denoisers. The quality of denoised images is quantitatively assessed
using ave metrics: FLIP, HDRVDP3 (VDP3), MSE, PSNR and SSIM. These metrics fa-
cilitate a comprehensive evaluation by comparing the denoised images to a converged
solution of the same scene, rendered with a high number of samples. Furthermore,
to optimise the parameters of wavelet and curvelet transforms, a rigorous search us-
ing these metrics is conducted, supplemented by conadence interval testing to ensure
robustness against potential local minima in parameter space.
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7.1 Methodology
This study aims to investigate whether employing diêerent transforms for denoising
caustics could oêer a viable alternative to the predominant state-of-the-art denoising
methods commonly applied in real-time rendering. In this chapter we compare several
algorithms using scenes featuring caustic phenomena.

Caustics represent a light phenomenon generated by rays following paths of the
form L(S|D)*SDE, as per Heckbert’s notation [102]. The appearance and characteristics
of caustic patterns diêer depending on the scene. Typically, caustics can appear smooth
(low frequency) or exhibit signiacant variation (high frequency), featuring extensive
curvature and intricate detail. Consequently, this research should encompass scenes
showcasing various types of caustics. Speciacally, our study focuses on caustics that
concentrate light through transmission and display complex patterns.

The concept of utilising image transforms for caustics arises from the theory that
it ought to be feasible to identify a basis that distinguishes caustics from the salt-and-
pepper noise generated by Monte Carlo rendering techniques. As this noise is charac-
terised by high frequency, employing image transforms like Fourier appears promising.
However, since the Fourier transform acts globally on an image, inbuencing all areas,
alternative transforms such as wavelets and curvelets should be considered. These ad-
ditional transforms provide multi-resolution analysis and a basis speciacally tailored
for capturing curved structures.

Algorithm 4 Search
Require: Noisy image imgn; ref. image imgr ; min. function

M ; denoiser D; initial coeês. ci; thresholding function
T ; search alg. S

Ensure: Optimal coeês. co
1: cc ← ci
2: while S.continue do
3: cc ← T (cc)
4: imgd ← D(cc, imgn)
5: score←M(imgd, imgr)6: cc ← S.min(score)
7: end while
8: co ← cc

Algorithm 5 Comparator
Require: Run data r1; Run data r2
1: for i ∈ [1, 2] do
2: for all metric ∈ ri do
3: s1 ← metric.noisyScore

4: s2 ← metric.denoisedScore

5: di.append(s1/s2)
6: end for
7: end for
8: n1, n2 ← CountImprovedMetrics(d1, d2)
9: if n1 6= n2 then return n2 − n1

10: end if
11: s1, s2 ← SumMetricRatios(d1, d2) return s2 − s1

At a high level, the denoising procedure through transforms entails a set se-
quence of steps. Initially, the noisy image undergoes transformation from the spatial
to the transform domain. Subsequently, modiacations are applied to the image in the
transform domain before it is transformed back to the spatial domain, resulting in a
denoised image. However, the challenge lies in determining how to enact changes in
the transform domain to achieve image denoising. The transform domain may match
or even exceed the size of the spatial domain, leading to a multitude of parameters
that could be altered. Typically, conventional methods utilise thresholding functions
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such as soft thresholding, which condense the variable parameters to a single value.
Nonetheless, this approach severely restricts the degrees of freedom; altering just one
parameter can have a widespread impact on features within the transform domain.
To address this, partitioning the transform space is required. This involves deaning
distinct regions within the domain to group coeëcients with similar properties, for in-
stance by using frequency bands for the Fourier transform. The partitioning should
yield suëcient parameters for denoising while avoiding an excessive number of them,
which would render anding thresholding values impractical. Importantly, the parti-
tioning strategy needs to be tailored to each transform, given that the characteristics of
each transform domain diêer.

To ascertain the eëcacy of these image transforms in denoising, it is imperative
to conduct an experiment. This experiment aims to determine suitable thresholding
values, if applicable, for denoising. Identifying these values necessitates a search algo-
rithm (Algorithm 4) capable of exploring the entire parameter search space. Various
minimisation algorithms can be employed for this purpose. These algorithms require
a function that, given a set of coeëcients (representing the thresholding values), com-
putes a score. This scoring function should accurately rebect the image quality, for
which we utilise several algorithms commonly found in computer graphics literature.
These algorithms receive the noisy image and the denoised image as input and provide
a similarity value as output.

In addition to deaning the function to be minimised, these search algorithms
necessitate a description of the search space, including the minimum and maximum
values for each variable, along with the initial starting point. Consequently, varying
starting points may lead to diêerent minimum outcomes. To ensure the discovery of
a global or nearly global minimum, statistical analysis is conducted. Multiple runs are
assessedwith diêerent randomly selected starting points to compute the standard error
of the mean score. This process yields a conadence interval, indicating the probability
that the true mean score lies within it. In our context, generating intervals spanning
two standard deviations (95% conadence) should be adequate.

The experiment’s outcomes are expected to yield the optimum denoised image
for each scene. Nevertheless, it is imperative to determine the appropriate method for
conducting the selection process. For each scene, a range of parameters is adjusted,
leading to a minimisation process that generates a set of coeëcients. Since multiple
metrics are incorporated into the experiment, each scene will produce a top-ranking
result for each metric. Selecting the best outcome should be approached objectively.
One approach to achieving this is by selecting the result based on the number ofmetrics
indicating improvement. If there are an equal number of improvements across metrics,
the higher-scoring outcomes should be prioritised. Algorithm 5 depicts this process in
more detail. The run data refers to the results from two searches. This data contains
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the thresholding coeëcients that were utilised to produce a denoised image, which are
then used to calculate the image similarity score for each metric.

Ultimately, to assess whether image transforms oêer a viable alternative to ex-
isting denoising methods, the same noisy images must undergo denoising using both
approaches. Subsequently, the caustics buêer needs to be extracted post denoising. Fol-
lowing this, scores for each metric are generated, which are then compared to images
denoised using image transforms. The determination of howmany scenes outscore cur-
rent denoisers will ascertain whether image transforms can indeed serve as a feasible
alternative for denoising caustics.

To further assess the usability of the derived thresholding coeëcients, additional
experiments can be conducted. Speciacally, it is important to determine whether these
coeëcients can be directly applied to denoise colour images. One approach involves
processing each channel independently, treating them as individual greyscale lumi-
nance components. The eêectiveness of this method can then be evaluated by compar-
ing the denoised output with a reference colour image, measuring the improvement in
noise reduction.

Another set of experiments should examine the robustness of the thresholding
coeëcients under various image transformations. This analysis will help determine
whether the denoising process remains eêective when applied to diêerent views of the
same scene, particularly when relying on a single image as the reference. Key trans-
formations of interest include spatial translations and image bipping. The denoising
performance can be quantiaed by comparing the processed output against the trans-
formed reference using established image similarity metrics.

Finally, an investigation should be carried out to determine whether the thresh-
olding coeëcients exhibit consistency across diêerent scenes. This would determine
whether scenes with similar coeëcient proales share common characteristics such as
high-frequency caustics. To facilitate this comparison, the cosine similarity metric can
be employed, provided that the coeëcient structures are compatible (i.e., they are de-
rived from images of identical dimensions). Additionally, it would be valuable to assess
whether these coeëcients can be generalised, that is, whether they can be eêectively in-
terchanged between diêerent scenes.

7.2 Experimental Setup
This section outlines the procedures implemented to establish the experiment. Sec-
tion 7.2.1 outlines the selection criteria for scenes. Section 7.2.2 details the partitioning
of transform domains for altering purposes. Section 7.2.3 explains the process involved
in conducting the search. Finally, Section 7.2.4 depicts the setup process for current de-
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 7.1 Collection of various images used in the study (image brightness enhanced
for illustrative purposes). Each image is divided into four quadrants. Top-left:

Ground truth image. Top-right: Noisy input. Bottom-left: Result from the OptiX
denoiser. Bottom-right: Best denoised candidate from traditional denoisers.
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noisers in the experiment.

7.2.1 Scene Preparation
Eight scenes were chosen (Figure 7.1), covering a range of frequencies, with some
scenes having a mix of low and high frequencies. The scenes1 include cup (c), fea-
turing caustics cast by a backlight onto a surface below a cup, and cups (s), dice (d),
reflect (r), and outer (o), showing diêerent perspectives of the same scene. torus (t)
showcases a torus within a glass cube, while egg (e) features a glass egg on a table.
Finally, water (w) presents the Cornell Box with a layer of water on top.

These scenes were produced using a path tracer and a light tracer, with radiance
saved in Extended Dynamic Range (EXR) format with no loss to dynamic range. The
light tracer was primarily employed for generating caustics. For each scene, a pair con-
sisting of a noisy and a reference image was created. The noisy images were rendered
at 16 spp, while the reference images were rendered at 65536 spp. All images have a
resolution of 1600 × 900. It is important to note that while the number of samples per
pixel can be readily determined in a path tracer, this is not always straightforward in
light tracing, as rays are traced from the light sources. Consequently, in the context of
light tracing, the number of samples taken from the light sources corresponds to the
total number of samples per frame in a path tracer.

7.2.2 Transform Partitioning
Fourier, Wavelet, and Curvelet are the primary transforms utilised. For wavelets, the
symlets chosen include sym/2 and sym/20. The 2D Fourier transform produces an
image in the frequency domain comprising complex numbers. This image can then be
split into two parts, one depicting magnitude and the other depicting phase. In our
experiments only the magnitude image is utilised, leaving the phase image unchanged
when reverting to the spatial domain.

The magnitude image is divided in such a manner that the magnitude of the
lowest frequency is situated at the centre. As one moves away from the centre, the
frequency increases. Consequently, a circle centred on this image represents all pixels
with the same frequency. Thus, two points on a circle denote a sinusoidal wave with
the same frequency but varying orientation on the spatial image. It is noteworthy that
if the original image is rectangular, the same frequencies are represented on an ellipse
instead.

In this experiment we establish multiple frequency bands using ellipses, with
each band assigned a threshold value, thereby creating a set of values that will alter the

1https://github.com/kvnnap/spectral-image-denoising
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Figure 7.2 Coeëcient alters for dice. Left: Fourier. Centre: Wavelet. Right: Curvelet.

ellipse region. This set can be modiaed, and an image can be generated by employing
the inverse Fourier transform. Following this, the resulting image is assessed against a
reference image using ametric, and a score is determined. The set is then adjusted until
this score is minimised or maximised (depending on the selected metric). Figure 7.2
(left) demonstrates an example of such a alter.

The wavelet transform recursively breaks an image into progressively smaller
scales, producing average and detail coeëcients, which are split into horizontal, verti-
cal, and diagonal components providing the DWT with directional sensitivity to eight
orientations. The original image can then be reconstructed using the detail coeëcients
obtained at each scale.

In our experiments, we apply altering to these detail coeëcients (Figure 7.2,
centre) with larger tiles representing higher frequency detail coeëcients, while smaller
tiles depict lower frequency bands. Filtering can be applied at a more precise level
since each detail coeëcient forms an image. However, we conane ourselves to altering
the entire coeëcient image to maintain a manageable parameter space. No altering is
carried out on the average coeëcient.

The curvelet transform breaks down an image into smaller scales, similar to
wavelets, but each scale is further divided into multiple angles. This provides a higher
level of directional sensitivity compared to wavelets. Figure 7.2 (right) illustrates these
coeëcients in polar coordinates. Similar to the Fast Fourier Transform (FFT), the low
frequencies are positioned at the centre. Due to the signiacant number of coeëcients
at each scale, which increases with additional subdivisions, altering is applied solely at
the scale level. In the agure there are only seven scales, thus sevenweights are adjusted
accordingly.

7.2.3 Search
For every scene, the search is conducted using both the noisy image and the refer-
ence image. All images are caustic buêers produced from a light tracer. This buêer
comprises light paths that meet the condition L(S|D)*SDE (following Heckbert’s nota-
tion [102]). Both the noisy and reference images are converted to greyscale and then
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Figure 7.3 Thresholding functions (t = 0.5). Black is hard, red is soft, purple is
garrote, green is multiplication.

undergo tonemapping using the AcademyColour Encoding System (ACES) before be-
ing transformed. Three transform algorithms were assessed: Fast Fourier Transform,
Discrete Wavelet Transform, and Discrete Curvelet Transform. The transform domain
is segmented (Section 7.2.2), with each segment assigned a thresholding coeëcient.
The range for each coeëcient spans from zero to the maximum value of the segment
when employing soft, hard, and garrote thresholding methods. The range for the mul-
tiplication threshold ranges from zero to one. The impact of thresholding with a value
of 0.5 is illustrated in Figure 7.3.

An algorithm is employed to adjust the threshold coeëcients allocated to each
segment, and the inverse transform is calculated to derive the denoised image (in the
spatial domain). The following search algorithms are utilised: Bayesian optimisation
using Gaussian processes, Nelder-Mead, L-BFGS-B, TNC, SLSQP, Powell, trust-constr,
and COBYLA. Subsequently, the denoised image is compared to the reference image
using SSIM, MSE, PSNR, HDRVDP3 [38], or FLIP metrics. FLIP and HDRVDP3 are
set with a pixel-per-degree measurement of 20.4, which corresponds to an observer
viewing a 24-inch Full High Deanition (FHD) display from a distance of 30 cm. This
process is reiterated until the score is minimised/maximised or until a predetermined
maximum number of iterations is attained (100). Details regarding the altering proce-
dure for each image transformation algorithm can be found in Section 7.2.2.

7.2.4 Denoisers
Three denoisers, ReLAX, ReBLUR, and OptiX, are employed to produce denoised caus-
tic buêers. In the cases of ReLAX and ReBLUR, the noisy caustic signal is integrated
into the diêuse chain alongside other essential buêers, including motion vectors, nor-
mals and roughness, z-buêer, and ray-hit distance. Two experiments are conducted:
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one where the input caustic signal accumulates over 16 frames, equivalent to 16 spp,
and another where it is reset per frame. Both ReLAX and ReBLUR serve as temporal
denoisers, and it is anticipated that their results will be similar for a small accumula-
tion. Nonetheless, the denoised image represents the equivalent of 16 spp. For OptiX,
only the caustic signal is incorporated and is consistently accumulated up to 16 spp.
For each scene, the denoised signal is assessed against the reference signal using the
aforementioned ave metrics, and the similarity score is recorded.

7.2.5 Conadence
The thresholding coeëcients are deaned within a speciac range, which the search al-
gorithm explores to determine the anal minimisation point. In our experiments, the
search is consistently initialised at the midpoint of this range. However, this approach
may lead to convergence at a local minimum, potentially suboptimal for the overall
solution.

To enhance the robustness of our results, we conduct multiple runs of the same
search algorithm, utilising identicalmetrics, denoisingmethods, and thresholding func-
tions, but with randomised initialisation points within the coeëcient range. Specif-
ically, we perform 100 independent runs to ensure statistical reliability. The standard
error of themean is then computed, and a 95% conadence interval is derived (spanning
two standard deviations), providing a high probability that the true mean lies within
this range. We then compare whether the original run (starting at the midpoint) lies
within this interval.

Given the computational intensity of this process, we restrict our conadence in-
terval analysis to the aggregate metric scores, ensuring a balance between statistical
rigour and computational feasibility.

7.2.6 Colour
This experiment investigates whether thresholding coeëcients derived from greyscale
images can be eêectively applied to denoise colour images. For each scene we apply
these coeëcients independently to each channel of its noisy colour counterpart. The
denoised output is then compared both to the original noisy image and the reference
colour image to assess any visual and quantitative improvements. Image similarity
metrics are also applied and results tabulated in order to measure the performance
objectively.
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7.2.7 Image Transformation
In this part of the experiment, the aim is to examine whether image transformations,
speciacally translations and bips, applied to noisy images inbuence the denoising per-
formance when the same set of coeëcients is used for reconstruction. As in previous
experiments, a high-performing scene is selected, and the image is subjected to eight
incremental left-to-right translations and eight incremental top-to-bottom translations.
Each transformation is applied to three variants of the image: the original (unaltered),
the horizontally bipped version, and the vertically bipped version.

For each transformation, image similarity scores are computed for both the noisy
and denoised images. These results are visualised in a plot, allowing for an assessment
of whether the denoised images consistently, partially, or never outperform their noisy
counterparts in terms of similarity. This analysis provides insight into the robustness
of the denoising process under spatial transformations.

7.2.8 Coeëcient Scene Similarity
The objective of this experiment is to investigate whether diêerent scenes produce sim-
ilar thresholding coeëcients. To this end, cosine similarity is employed as a means of
comparing the thresholding coeëcients. The experimental procedure involves load-
ing all available runs, including the best-performing candidates identiaed during the
search process, and computing cosine similarity between runs that utilise diêerent
scenes but share the same spectral denoising algorithm and thresholding method.

This restriction is imposed for two reasons. Firstly, diêerent spectral denois-
ing algorithms impose distinct structural characteristics on the resulting coeëcients,
rendering direct comparison impossible. Secondly, although the structural format of
the thresholding coeëcients remains consistent across diêerent thresholding functions,
their semantic interpretation is function-dependent and therefore not directly compa-
rable.

A similarity matrix is constructed, enabling similarity queries to be performed.
These queries facilitate the identiacation of runs that are most similar to a given run
within the current working set. Quantitative analysis is then conducted to explore the
similarity between scenes.

7.2.9 Diêerent Scenes
A anal experiment is conducted to evaluate whether thresholding coeëcients derived
from one scene can be eêectively applied to denoise other scenes, possibly guided by
the results obtained from the cosine similarity process. A key constraint in this inves-
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tigation is that all images must share identical dimensions to ensure comparability. In
each trial, a target scene is selected and denoising is carried out using thresholding
coeëcients obtained through searches conducted on diêerent source scenes.

The resulting noisy and denoised images are then compared to the correspond-
ing reference images using established image similarity metrics. The eêectiveness of
the denoising process is assessed based on the similarity scores obtained, providing an
indication of how well the transferred coeëcients generalise across scenes.

7.3 Evaluation
Table 7.1 presents the scores for each metric on each noisy image. Table 7.2 lists the
ReLAX and ReBLUR scores for denoised images with and without caustic buêer ac-
cumulation. Table 7.3 details the parameters used to achieve the best scores across all
metrics. Table 7.4 shows the best aggregate scores sorted using Algorithm 5, while Ta-
ble 7.5 lists the parameters used to attain these scores. Table 7.6 contains the scores for
OptiX with caustic accumulation. Table 7.7 summarises the best scores across all met-
rics. Table 7.8 compares the top image transform denoisers (curvelet-based) with the
OptiX denoiser.

FLIP VDP3 MSE PSNR SSIM
c 4.95e-02 4.77 1.46e-03 28.35 0.76
s 9.99e-02 3.04 9.96e-03 20.02 0.45
d 1.08e-01 3.33 1.33e-02 18.78 0.35
r 2.87e-02 2.96 2.41e-03 26.18 0.66
o 5.76e-02 2.34 5.16e-03 22.88 0.63
t 1.44e-02 3.74 6.92e-04 31.60 0.85
e 8.67e-02 1.43 9.25e-03 20.34 0.37
w 7.51e-02 6.03 1.66e-03 27.71 0.83

Table 7.1 Metric scores for the
noisy images. Figure 7.4 Left: ReLAX denoised. Right: Curvelet

denoised.

When comparing the best results in Table 7.7 with those of ReLAX in Table 7.2,
it is evident that cup, reflect, outer, egg and water performed better across all metrics.
cups and dice performed better in HDRVDP3, PSNR and SSIM. torus performed well
in HDRVDP3 and MSE. Compared with ReBLUR, all scenes demonstrated enhanced
performance across all metrics, except dice, which had worse MSE scores. Compared
to OptiX, most results were generally inferior. However, HDRVDP3 scores improved
across all scenes except water. cups, dice, reflect and egg had better PSNR and SSIM
scores. Additionally, torus performed better in PSNR and reflect in FLIP. Table 7.3
shows that the curvelet transform generally performed well as it is used in 25 times
out of the 40 best scorers (62.5%). Additionally, Powell performed well across search
algorithms as it is used 30 times out of the 40 best scorers (75%). Table 7.8 shows that
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FLIP FLIP VDP3 VDP3 MSE MSE PSNR PSNR SSIM SSIM
Acc. Acc. Acc. Acc. Acc.

c 2.79e-02 2.68e-02 7.41 7.46 3.88e-04 3.88e-04 33.79 33.79 0.92 0.92
s 8.17e-02 8.34e-02 2.59 2.31 4.81e-03 5.19e-03 23.18 22.85 0.52 0.51
d 8.32e-02 8.39e-02 1.85 1.64 5.57e-03 5.67e-03 22.54 22.22 0.42 0.39
r 2.27e-02 2.25e-02 4.96 4.74 6.53e-04 6.05e-04 31.85 32.18 0.72 0.72
o 2.81e-02 2.83e-02 5.75 5.65 6.70e-04 7.30e-04 31.74 31.28 0.83 0.83
t 5.49e-03 5.23e-03 8.17 8.06 3.20e-05 3.46e-05 43.90 37.03 0.97 0.95
e 5.26e-02 5.29e-02 4.45 4.33 1.34e-03 1.40e-03 28.71 28.55 0.56 0.57
w 7.55e-02 8.33e-02 5.18 4.45 1.95e-03 2.36e-03 26.97 26.15 0.83 0.80
c 2.98e-02 2.87e-02 6.72 7.51 4.85e-04 4.15e-04 32.82 33.49 0.91 0.92
s 8.52e-02 8.63e-02 2.27 1.23 5.30e-03 5.95e-03 22.76 22.26 0.50 0.49
d 8.81e-02 8.89e-02 2.36 1.12 5.98e-03 7.46e-03 21.98 21.02 0.39 0.37
r 2.33e-02 2.20e-02 4.98 3.69 5.71e-04 4.73e-04 31.84 32.52 0.70 0.69
o 3.15e-02 3.45e-02 5.44 4.72 9.12e-04 1.20e-03 30.32 29.13 0.81 0.77
t 6.39e-03 7.28e-03 8.08 7.82 4.69e-05 7.13e-05 35.19 33.36 0.93 0.92
e 5.44e-02 5.76e-02 4.51 3.69 1.68e-03 1.94e-03 27.76 27.13 0.55 0.52
w 8.07e-02 9.09e-02 4.59 4.73 2.27e-03 2.72e-03 26.30 25.52 0.82 0.79

Table 7.2 Accumulating and non-accumulating scores. Best score for each
scene-metric pair shown in bold. Top: ReLAX. Bottom: ReBLUR.

Metric Search Denoiser Thres. Ts(s) Td(s) Score
c FLIP powell curvelet soft 1511 3.30 2.32e-02
c VDP3 powell curvelet soft 2978 3.17 8.51
c MSE powell curvelet garrote 496 3.16 1.87e-04
c PSNR trust curvelet garrote 1486 3.27 36.95
c SSIM powell curvelet soft 878 3.27 0.95
s FLIP powell curvelet soft 649 3.30 8.36e-02
s VDP3 cobyla fourier mult 1705 0.28 4.54
s MSE cobyla fourier mult 91 0.30 5.08e-03
s PSNR powell wav/20 hard 97 0.19 26.98
s SSIM powell wav/20 hard 190 0.21 0.65
d FLIP powell curvelet garrote 3.71 638 8.53e-02
d VDP3 cobyla fourier mult 1705 0.29 4.53
d MSE cobyla fourier mult 107 0.30 6.55e-03
d PSNR cobyla curvelet soft 436 3.08 28.15
d SSIM powell wavelet hard 555 0.05 0.55
r FLIP powell curvelet soft 899 3.13 2.15e-02
r VDP3 cobyla fourier mult 1634 0.26 6.18
r MSE powell curvelet hard 782 3.08 3.80e-04
r PSNR powell wavelet hard 153 0.05 34.60
r SSIM powell wavelet hard 364 0.05 0.81

Metric Search Denoiser Thres. Ts(s) Td(s) Score
o FLIP powell curvelet soft 865 3.09 2.80e-02
o VDP3 powell curvelet hard 6220 2.97 7.14
o MSE powell curvelet garrote 752 3.00 4.41e-04
o PSNR powell wavelet hard 190 0.05 33.98
o SSIM powell curvelet mult 1270 3.06 0.88
t FLIP powell curvelet soft 1003 2.35 6.31e-03
t VDP3 powell curvelet soft 2698 2.20 8.39
t MSE powell curvelet soft 694 2.21 2.47e-05
t PSNR powell wavelet hard 80 0.02 39.96
t SSIM powell curvelet hard 734 2.18 0.95
e FLIP powell curvelet soft 1895 3.12 5.05e-02
e VDP3 powell fourier garrote 21164 0.29 5.71
e MSE powell curvelet hard 632 3.13 1.06e-03
e PSNR gp wavelet hard 577 0.05 34.09
e SSIM powell wavelet garrote 446 0.05 0.85
w FLIP powell curvelet garrote 814 1.34 5.40e-02
w VDP3 powell curvelet garrote 1976 1.35 7.90
w MSE trust curvelet garrote 748 1.39 4.91e-04
w PSNR bfgs curvelet garrote 1241 1.33 32.96
w SSIM powell curvelet garrote 1832 1.33 0.92

Table 7.3 Best scores from multiple runs (detailed); gp is Bayesian optimisation. Ts is
search time, Td is denoising time.2

FLIP VDP3 MSE PSNR SSIM
c 2.39e-02 8.34 1.87e-04 36.95 0.94
s 8.86e-02 3.18 5.35e-03 26.98 0.65
d 9.62e-02 3.41 6.88e-03 23.38 0.51
r 2.58e-02 5.34 3.80e-04 33.47 0.77
o 2.98e-02 6.79 4.41e-04 33.48 0.85
t 6.77e-03 8.32 2.47e-05 37.97 0.93
e 5.46e-02 4.09 1.06e-03 30.41 0.74
w 5.28e-02 7.89 4.91e-04 32.96 0.92

Table 7.4 Aggregate metrics
with all metrics computed.

Metric Search Denoiser Thres. Ts(s) Td(s) Score
c MSE trust curvelet garrote 722 3.26 1.87e-04
s PSNR powell wav/20 hard 97 0.18 26.98
d PSNR cobyla wav/20 hard 33 0.17 23.38
r PSNR powell curvelet hard 546 3.25 33.47
o MSE trust curvelet garrote 881 3.11 4.41e-04
t MSE trust curvelet soft 577 2.28 2.47e-05
e MSE powell curvelet garrote 381 3.21 1.06e-03
w MSE bfgs curvelet garrote 697 1.35 4.91e-04

Table 7.5 Aggregate metrics. Ts is search time, Td

is denoising time.2
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7 Spectral Denoising

the AI-based OptiX denoiser performedworse only in reflect whenmeasuredwith the
FLIP metric against the curvelet-based denoiser.

In the aggregatemetrics presented in Table 7.5, MSE and PSNRwere themost ef-
fective performance measures. The optimisation methods were distributed as follows:
the Powell and trust-constr algorithmswere employed equally (three times each), while
the COBYLA and BFGS methods were each used once. Among the thresholding func-
tions, the garrote approach was the most frequently applied, followed by hard and soft
thresholding.

Figure 7.5 illustrates the denoising performance of the dice metric, comparing
the results obtained using the ReLAX, ReBLUR and Optix methods with those of con-
ventional denoising techniques, speciacally the curvelet andwavelet (Symlet-20) trans-
forms.

7.3.1 Conadence Interval
Table 7.9 presents the conadence intervals for the aggregated metrics. Here, Scoremid
denotes the score obtained when the initial search point is set to the midpoint of the
input range, while Scoremin and Scoremax deane the 95% conadence interval for the
true mean. These scores were derived from 100 searches consisting of 100 maximum
iterations each, where the initial search point was randomly selected within the valid
input range.

The results indicate that Scoremid falls within the conadence interval in three
out of eight cases, suggesting alignment with the expected mean. In the remaining
ave instances, Scoremid lies outside the interval but consistently outperforms the mean,
indicating statistically superior performance in these scenarios.

7.3.2 Colour Images
Table 7.10 presents the metric scores computed from the noisy RGB inputs. This table
is analogous to Table 7.1, but with metrics evaluated across all three colour channels.
Table 7.11 (similar to Table 7.7) reports the corresponding scores for the denoised RGB
images, where the thresholding coeëcients were derived from their greyscale counter-
parts. Finally, Table 7.12 (similar to Table 7.4) summarises the scores for the scenes that
achieved the highest aggregate performance in prior evaluations, again using thresh-
olding coeëcients derived from their greyscale counterparts.

The results in both Table 7.11 and Table 7.12 outperform the noisy counterparts
depicted in Table 7.10 across all metrics. Figure 7.6 illustrates the caustic buêers com-

2Search runs distributed on AMDRyzen 3600X, 3960X, 7950X, Intel i7-8700K (a) +NVIDIA RTX 2080
Ti (b). Only FLIP on (b). Denoising on (a).
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(a) noisy (b) FLIP (Curvelet)

(c) relax (d) reblur

(e) optix (f) reference

(g) aggregate (PSNR Wav/20)

Figure 7.5 Dice scene denoised
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FLIP VDP3 MSE PSNR SSIM
c 1.98e-02 7.75 1.56e-04 37.75 0.96
s 8.09e-02 2.58 2.58e-03 25.88 0.63
d 7.94e-02 1.94 2.93e-03 25.08 0.53
r 2.65e-02 5.31 3.28e-04 34.11 0.79
o 2.33e-02 6.44 2.90e-04 35.30 0.90
t 4.36e-03 8.32 2.01e-05 38.85 0.96
e 4.45e-02 4.54 5.44e-04 32.65 0.77
w 4.12e-02 7.93 3.31e-04 34.67 0.95

Table 7.6 OptiX accumulating scores.

FLIP VDP3 MSE PSNR SSIM
c 2.32e-02 8.51 1.87e-04 36.95 0.95
s 8.36e-02 4.54 5.08e-03 26.98 0.65
d 8.53e-02 4.53 6.55e-03 28.15 0.55
r 2.15e-02 6.18 3.80e-04 34.60 0.81
o 2.80e-02 7.14 4.41e-04 33.98 0.88
t 6.31e-03 8.39 2.47e-05 39.96 0.95
e 5.05e-02 5.71 1.06e-03 34.09 0.85
w 5.40e-02 7.90 4.91e-04 32.96 0.92

Table 7.7 Best scores from multiple runs.

FLIPcrv FLIPoptix
c 2.32e-02 1.98e-02
s 8.36e-02 8.09e-02
d 8.53e-02 7.94e-02
r 2.15e-02 2.65e-02
o 2.80e-02 2.33e-02
t 6.31e-02 4.36e-03
e 5.05e-02 4.45e-02
w 5.40e-02 4.12e-02

Table 7.8 FLIP metric comparison between the best curvelet-based denoiser and the
OptiX denoiser. Figures in bold indicate the instances where the curvelet-based

denoiser obtained a better metric value.

Scoremid Scoremin Scoremax Exponent
c 1.874103 1.868048 1.912491 e-04
s 26.97636 26.49668 26.79328 e-00
d 23.37665 22.76890 22.98302 e-00
r 33.46719 33.44750 33.45893 e-00
o 4.407896 4.353467 4.704791 e-04
t 2.468524 2.475348 2.478926 e-05
e 1.059136 1.059075 1.059324 e-03
w 4.910433 5.316091 5.967164 e-04

Table 7.9 Aggregate metrics 95% conadence interval. Values in bold represent scores
outside the interval.

puted using the greyscale thresholding coeëcients of the highest aggregate scores.

7.3.3 Image Transformation
Figure 7.7 displays the metric ratio analysis for translated variants of outer, employing
thresholding coeëcients obtained from the optimal aggregate score conaguration. The
agure comprises ave plots, each representing a diêerent evaluation metric. The x-axis
denotes the translation increment applied to the image (measured in pixel multiples),
with the original 1600×900 pixel image undergoing ten incremental translations. Each
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FLIP VDP3 MSE PSNR SSIM
c 5.09e-02 4.28 1.45e-03 28.38 0.76
s 1.00e-01 3.50 9.95e-03 20.02 0.45
d 1.14e-01 3.54 1.32e-02 18.79 0.36
r 3.06e-02 3.97 2.36e-03 26.27 0.67
o 5.95e-02 3.07 5.01e-03 23.01 0.64
t 1.53e-02 3.65 6.37e-04 31.96 0.86
e 9.34e-02 2.25 8.72e-03 20.59 0.40
w 9.27e-02 6.09 1.73e-03 27.62 0.84

Table 7.10 Metric scores for the noisy coloured images.

FLIP VDP3 MSE PSNR SSIM
c 2.42e-02 8.16 1.87e-04 37.03 0.95
s 8.37e-02 5.01 5.08e-03 26.98 0.65
d 9.00e-02 4.90 6.77e-03 28.40 0.55
r 2.31e-02 6.38 4.39e-04 34.44 0.82
o 2.85e-02 6.74 4.46e-04 33.88 0.87
t 6.51e-03 7.93 2.33e-05 40.12 0.96
e 5.52e-02 5.84 1.12e-03 33.84 0.85
w 6.50e-02 7.93 4.89e-04 32.99 0.92

Table 7.11 Metric scores for the denoised coloured images.

FLIP VDP3 MSE PSNR SSIM Denoiser Td(s)
c 2.49e-02 8.08 1.87e-04 37.03 0.94 curvelet 10.53
s 8.87e-02 3.89 5.35e-03 26.98 0.65 wav/20 0.65
d 9.98e-02 4.33 7.09e-03 23.25 0.51 wav/20 0.60
r 2.68e-02 4.81 4.39e-04 33.35 0.79 curvelet 10.77
o 3.01e-02 6.30 4.47e-04 33.44 0.86 curvelet 10.68
t 6.96e-03 7.81 2.34e-05 39.68 0.95 curvelet 10.62
e 5.85e-02 4.02 1.13e-03 30.14 0.75 curvelet 10.81
w 6.37e-02 7.92 4.89e-04 32.99 0.92 curvelet 10.47

Table 7.12 Aggregate scores for the denoised coloured images, including denoising
time.
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 7.6 RGB denoised
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increment corresponds to a horizontal shift of 160 pixels along the x-axis and a verti-
cal shift of 90 pixels along the y-axis. For the identity transformation, translations are
applied as described, whereas for the FlipLR and FlipUP operations, the source images
undergo horizontal and vertical bipping respectively before translation.

A zero increment corresponds to no translation being applied, while an incre-
ment of ten is equivalent to zero due to the cyclical boundary conditions. As illustrated
in the graph, a zero increment results in identical starting points for all horizontal and
vertical translations across each transformation subgroup - namely, the identity trans-
formation, FlipLR (horizontal bip), and FlipUP (vertical bip) since precisely no spatial
translation has been performed at this stage. Additionally, the ratio observed at in-
crement zero for the identity transformation (blue) corresponds to the ratio obtained
by dividing the outer row values in Table 7.4 by those in Table 7.1 (or vice versa, see
Equation 7.1) for the respective image quality metric.

The y-axis presents the metric ratio, which assesses performance relative to the
noisy reference image. The metric ratio is deaned such that:

• A value of unity (1) indicates parity between denoised and noisy images

• Values below 1 signify degradation in the denoised output

• Values above 1 demonstrate improvement, with a ratio of 2, for instance, denoting
a twofold enhancement

The calculation of this ratio follows Equation 7.1, which provides the formal
mathematical deanition.

ratio =







noisy

denoised
for MSE and FLIP (lower is better),

denoised
noisy

for SSIM, PSNR, and VDP3 (higher is better).
(7.1)

For all metrics, it can be observed that all computed ratios exceed unity, indicat-
ing that every translation applied eêectively performed denoising. In this implementa-
tion, denoising was achieved using curvelet transformation with Garrote thresholding.
Furthermore, the improvement ratios along each curve in the plots demonstrate mini-
mal variation when compared to the zero-increment case. For practical purposes, these
ratios may be considered constant.

7.3.4 Coeëcient Scene Similarity
Table 7.13 presents the cosine similarity values computed across all scene combinations.
The majority of values register as zero, indicating either structural incompatibility be-
tween coeëcient sets (arising fromdiêerent denoisers) or semantic incompatibility due
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Figure 7.7 Image translations applied to outer (aggregate coeëcients)
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to distinct thresholding methodologies. Notably, the highest similarity scores emerge
between water and egg (0.99), followed by cup and outer (0.98), and cups and dice
(0.85). Moderate similarity is observed between outer and water (0.37) and outer and
egg (0.33). The lowest similarity metrics occur between cup and egg (0.12) and cup and
water (0.16), preceding the zero-valued incompatibilities.

c s d r o t e w
c 0.00 0.00 0.00 0.00 0.98 0.00 0.12 0.16
s 0.00 0.00 0.85 0.00 0.00 0.00 0.00 0.00
d 0.00 0.85 0.00 0.00 0.00 0.00 0.00 0.00
r 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
o 0.98 0.00 0.00 0.00 0.00 0.00 0.33 0.37
t 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
e 0.12 0.00 0.00 0.00 0.33 0.00 0.00 0.99
w 0.16 0.00 0.00 0.00 0.37 0.00 0.99 0.00

Table 7.13 Aggregate scores cosine similarity matrix.

7.3.5 Diêerent Scenes
Building upon the cosine similarity values, we apply denoising to four scenes using co-
eëcients obtained from searches based on other scenes. Furthermore, to assesswhether
the similarity values in Table 7.13 correspond to any discernible visual patterns, we se-
lect two similar and two dissimilar cases for analysis. Figure 7.8 presents the four de-
noised images. Speciacally, Figure 7.8a displays the denoised cup image using thresh-
olding coeëcients derived from egg, Figure 7.8b shows the denoised cup image with
coeëcients from outer, Figure 7.8c illustrates the denoised egg image using coeëcients
from cup, and Figure 7.8d depicts the denoised outer image with coeëcients derived
from cup.

Table 7.14 presents the image similarity metrics computed for the denoised im-
ages. When compared to the noisy values in Table 7.1, all evaluated scenes exhibit
higher scores across all metrics, indicating that the denoising process is measurably
eêective. However, when benchmarked against the aggregate metrics of the denoised
images in Table 7.4, these results outperform it only in the case of the outer image de-
noised using the cup reference, and solely under the VDP3 metric.

7.3.6 Discussion
In the aforementioned results concerning denoising eëcacy, spectral transform denois-
ers surpassedReLAXat equivalent noise levels. For instance, in the cup (Figure 7.4) and
dice (Figure 7.5) scenes, caustic patterns were rendered with greater deanition when
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(a) cup using egg (b) cup using outer

(c) egg using cup (d) outer using cup

Figure 7.8 Denoising scenes with diêerent coeëcients.

FLIP VDP3 MSE PSNR SSIM
c-e 3.24e-02 6.35 3.15e-04 34.69 0.90
c-o 2.53e-02 7.15 2.43e-04 35.82 0.93
e-c 6.03e-02 5.08 1.69e-03 28.43 0.62
o-c 3.54e-02 6.86 7.63e-04 31.09 0.83

Table 7.14 Metric scores for the denoised scenes with diêerent coeëcients. a-b means
scene a denoised with coeëcients derived from scene b.
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evaluated using FLIP. This improvement is attributable to the proaciency of curvelets in
capturing edges and directional features, whereas the ReLAX results appeared blurred
and exhibited residual noise. It should be noted that ReLAX is a general-purpose de-
noiser and was not speciacally designed for caustics. Furthermore, the caustics in the
dice scene were subject to signiacant noise. Whilst denoising is the primary function
of such an algorithm, the initial noise level must be manageable, and ideally, a form of
importance sampling should be performed a priori.

Beyond improving the input data, ReLAX (and ReBLUR) can be conagured to
utilise a greater number of historical frames. This would likely enhance the quality
of the denoised image at the cost of increased storage and computational overhead;
however, this approach is less eêective in dynamic scenes where caustics are changing.
Although our method demonstrates superior performance, it necessitates a search for
optimal coeëcients. This process can be viewed as a form of training, which substanti-
ates the performance gain over ReLAX and ReBLUR.

In low-frequency scenes such as egg and torus, the caustics appeared compara-
ble. Nevertheless, when ReBLUR was applied, the caustics became more distinct, but
the curvelet-based images retained sharper detail. Artefacts inherent to the curvelet
transform manifested as curvilinear structures rather than salt-and-pepper noise and
had the potential to permeate other areas of the scene. This behaviour is anticipated,
as errors in the curvelet coeëcients naturally manifest as needle-like structures upon
inverse transformation.

When measured against AI-based denoising, traditional denoisers prove to be
less eêective. OptiX demonstrates superior denoising performance across all scenes,
resulting in sharp caustic patterns and noise-free images. For instance, in the outer
scene (Figure 7.10), theOptiX result (centre) produces a cleaner image compared to the
curvelet-denoised version (right), which exhibits residual curve-like artefacts across
the entire area. As an AI-based denoiser, OptiX was trained on a corpus of tens of
thousands of images from diverse 3D scenes. It is likely that this extensive training
enables it to eêectively recognise and reconstruct noisy signals, even in the presence of
complex caustics.

The eëcacy of our search algorithm (Algorithm 4)was highly dependent on the
chosenmetric. The performance of themetrics employed to determine the denoising co-
eëcients exhibited considerable variation. Overall, FLIP performed well except in cups
where the apparent noise is considerable and reflect where the scene appears over-
exposed and loses detail. Conversely, the HDRVDP3 metric yielded less satisfactory
results due to the presence of clustered speckle noise, as illustrated in Figure 7.9. MSE
generally performedwell, except in cups and dice, where the image appeared noisy. Un-
expectedly, PSNR’s performance was lacking in scenes such as torus, egg, dice, outer,
reflect and cups, despite its close relationship with MSE. SSIM emerged as the poorest
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Figure 7.9 Clustered speckle
noise in dice with VDP3.

Figure 7.10 Left: Reference. Middle: OptiX. Right:
Curvelet.

FLIP VDP3 MSE PSNR SSIM
Aggregate 1.12 1.02 1.93 1.24 1.47
FLIP 1.26 0.48 1.92 1.14 1.26

Table 7.15 Ratios for dice. Higher (bold) is better.

performer. Searches employing SSIM yielded unsatisfactory outcomes in cups and dice
where the images are too noisy and no caustics can be easily identiaed, and egg, where
pixelation artefacts were visible. Additionally, in outer the image appeared blurred,
and in reflect the image appeared underexposed, with caustic patterns being scarcely
discernible.

Metric Reliability

Regarding the aggregate metrics, certain scenes exhibited higher scores across multiple
metrics, yet the resulting image quality did not necessarily rebect this improvement. For
instance, in Figure 7.5, the FLIP subagure displays more deaned caustics compared
to the aggregate subagure, despite the latter reporting higher scores across a greater
number of metrics. Initially, we hypothesised that the discrepancy might stem from
Algorithm 5, which can fail when improvements in individual metrics are positive but
marginal, as opposed to fewer metrics exhibiting more substantial enhancements.

Upon closer inspection, a dry run of Algorithm 5 was conducted, and the result-
ing ratios and their diêerences were tabulated for the aggregate (PSNR) and curvelet-
based metrics in Table 7.15. The data indicate that the dice score (derived from the ag-
gregate metric) underperforms speciacally only in conjunction with the FLIP metric,
and shows a greater improvement ratio for VDP3. Nevertheless, a qualitative assess-
ment of the denoised images reveals that the output generated using the FLIP metric
remains visually superior.

Search Start Location

Regarding the initial conaguration during coeëcient search, statistical analysis of the
scenes we assessed indicates that commencing from the midpoint ensures the metric
score attained is at least average or above. Although this may not yield the optimal
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result, it provides a sound estimate for a starting point. It is crucial to understand that
the true mean is anticipated to be within the conadence interval 95% of the time. Given
that we evaluated eight intervals, there is a 0.958 (66.34%) probability that all intervals
encompass their respective true mean.

Colour Images

Applying the existing coeëcients to noisy coloured inputs yielded favourable results.
As illustrated in Figure 7.6, the denoised images in RGB demonstrate comparable per-
formance to the greyscale denoised images. Furthermore, there is a noticeable im-
provement across all metrics, reinforcing the notion that performing the search on the
greyscale/luminance component eêectively reduces the search time, allowing the coef-
acients to be seamlessly applied to each channel for colour denoising. The trade-oê is
the denoising time, which, according to the results, is approximately three times longer.
However, a more robust outcome might be achieved by conducting the search for the
thresholding coeëcients on all channels individually and then denoising each channel
separately, allowing for comparison with these results.

Image Translation

In terms of image translation using various transforms, the denoising performance re-
mains largely equivalent. Moreover, the change in the metric score ratio remains prac-
tically constant across all increments, as illustrated in Figure 7.7. This indicates that the
thresholding coeëcients can be eêectively reused across diêerent views of a scene. At
the very least, this appears to hold true for scenes denoised with the curvelet transform
using the garrote thresholding function.

Reuse Across Scenes

In conclusion, it appears that the reuse of coeëcients across multiple scenes is some-
times successful, though not consistently so. The strong similarity between cup and
outer (0.98) demonstrates a desirable outcome (Figure 7.8b), while the weak simi-
larity between cup and egg (0.12) also yields positive results in the denoised image
(Figure 7.8a), with cup being only slightly blurred in comparison. It is unclear why
water and egg achieve a strong similarity score, given that both scenes feature diêer-
ent caustics content: water exhibits both low and high-frequency caustics, whereas egg
predominantly contains low-frequency caustics. The agures (Figures 7.8c and 7.8d)
depicting egg and outer denoised using cup coeëcients demonstrate some level of de-
noising performance.
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Despite the uncertainty as to whether scene similarity directly correlates with
similar coeëcients, it is possible to reuse coeëcients across diêerent scenes. The results
indicated that all coeëcients provided a certain degree of denoising performance across
all metrics, and the performance was unmatched when the denoising coeëcients were
applied to their intended scenes.

7.4 Summary
This chapter investigates the eêectiveness of spectral transforms (Fourier, wavelet, and
curvelet) in denoising caustics for Monte Carlo rendering, comparing them to the Re-
BLUR and ReLAX denoisers, and the AI-based OptiX denoiser. The study employs a
systematic methodology involving search algorithms, thresholding functions, and im-
age similaritymetrics ( FLIP, HDRVDP3,MSE, PSNR, SSIM) to optimise denoising coef-
acients. Results show that spectral methods, particularly curvelets, outperform ReLAX
and ReBLUR in preserving high-frequency caustic details but generally fall short of
OptiX’s superior noise reduction. Experiments conarm that coeëcients derived from
greyscale images can eêectively denoise colour images and remain robust under spatial
transformations like translations and bips. Scene similarity analysis via cosine metrics
suggests some coeëcient reusability across scenes, though performance varies. While
spectral denoising requires oìine tuning, it oêers promising detail preservation, mak-
ing it a viable alternative in scenarios where AI-basedmethodsmay oversmooth critical
features. The study also highlights the need for less noisy inputs to preserve speciac
caustic characteristics, as aggressive denoising can blur ane details or leak curve-like
structures even when spectral transforms are employed.

147



8 Importance
Chapter 7 examined spectral denoising and compared its performance with state-of-
the-art denoising techniques, including ReBLUR, ReLAX, andOptiX. The analysis dem-
onstrated that spectral denoisers outperformReBLURandReLAX, though theAI-based
OptiX generally achieves superior results. However, OptiX remains ineêective in de-
noising caustic features at 16 spp for certain scenes, while increasing the sample rate
beyond 16 spp would signiacantly compromise real-time rendering performance.

This chapter focuses on enhancing and extending the CLT introduced in Chap-
ter 5, ensuring it remains unbiased while reducing noise at the same 16-spp sample
rate. Modiacations to CLT incorporate importance sampling techniques, including
Caustics-Optimised Light Tracing (COLT), which resembles NEE in path tracing by
explicitly sampling specular materials, and Importance Maps which are textures that
store per-texel probability values generated at each light source. These maps are pop-
ulated through multiple methods, accounting for factors such as camera position, dis-
tance from light sources, and occlusion.

The evaluation employs the same test scenes and metrics from Chapter 7, with
the addition of the LPIPSmetric. The aggregatemetric, previously a linear combination
of all measures, is revised to include LPIPS and to highlight discrete improvements
without considering the ratio of enhancement. Using this updatedmetric, the newCLT
variants are assessed, with comparative plots of noise levels at varying sample rates and
16-spp images for qualitative analysis, generated using Forge.

Chapter 7 noted occasional discrepancies between image similarity metrics and
visual assessments. This chapter conarms that such inconsistencies are not exclusive
to denoising and investigates the issue by generating modiaed noisy and reference im-
ages, including blurred versions, to determine whether noise reduction adversely af-
fects metric reliability.

Finally, the study attempts to denoise CLT output using the new importance-
based methods, partially leveraging the framework from Chapter 7. The denoising
performance is evaluated by comparing resultswith the original non-importance-based
approach.

8.1 Caustics-Optimised Light Tracing
The primary objective in this chapter is to improve CandelaDXR’s Light Tracer so that
it produces less noisy samples at 16 spp. The arst technique we are looking at is COLT.
COLT consists of using importance sampling to prefer paths that sample dielectric ma-
terials that allow for rebection and refraction. From the light source or at each diêuse
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point, a parameter α is used to determine whether or not to sample a specular mate-
rial with probability α. If a specular material is to be sampled, a random object with a
specular material is selected. Finally, a random point on the object is generated. Then,
using the area-based version of the rendering equation, a ray is spawned towards this
point. If a specular object is not sampled, a ray is spawned randomly using a cosine-
distributed PDF (to match Lambert’s law). However, in this case, if a specular object
is encountered, ray termination occurs to prevent double counting. This process is re-
peated at every intersection, and may terminate using russian roulette. This method is
similar to the NEE method used to sample lights in path tracing, except that no extra
rays are generated (as in shadow rays).

This technique is eêectivewhen used in scenes that have a small number of spec-
ular objects with respect to diêuse objects. If a scene is composed mostly of specular
objects, the probability of hitting specular objects is high and this algorithm starts be-
coming equivalent to the naive light tracer.

8.2 Importance Map Light Tracer
Another variationwith respect to the light tracer revolves around the use of importance
maps. Importance maps in this context are 2D textures modelling a probability distri-
bution. Each texel is associated with a value that represents the probability of it being
selected. The importance map light tracer uses this map to control the direction of a
spawned ray from a light source. This variation involves multiple passes.

First, the importance map is populated with some method (discussed in 8.2.1).
Then, a compute shader pass is employed to perform Gaussian blur. This pass is op-
tional and its necessity depends on how the importance map was populated. The CDF
is then computed in the subsequent three passes. The arst one performs a preax sum,
an operation that for each texel ands the sum of all the previous texel values. For sim-
plicity assume a 1D array of 5 values, [1, 2, 3, 4, 5]. The preax sum in this case is [1, 3, 6,
10, 15]. To turn this into a valid CDF, the preax sum array must be normalised. This is
done by dividing all the elements in the array with the last element. In this example, all
elements need to be divided by 15 resulting in [1/15, 3/15, 6/15, 10/15, 15/15]. A anal
pass is performed that simply writes 1 to the last element, this is performed only for
numerical stability in this light tracing shader as occasionally the result is not exactly 1
due to numerical errors.

8.2.1 Population Methods
Three methods have been used to populate the importance map. Prior to further modi-
acations to the importancemap, a basemap representing a cosine distribution designed
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tomatch Lambertian surfaces is used for importancemaps representing area lights. The
reason is that when sampling an area light, when an importance map is not used, co-
sine distribution is normally applied. Therefore, the directions sampled outside of the
importance mapwill match those of the importance map by default. Equation 8.4 is the
PDF of the cosine distribution parameterised using cartesian coordinates and is used to
approximate the cosine distribution within the importance map. C refers to the CDF,A
to surface area onto the imaginary importance map, r is the distance from the origin of
the light source to the the world coordinates p of the texel of the importance map, z is
the z component of p and n̂ is the normal at p. θ is the angle between the normal at the
light source and the direction to p, and θp is the angle between the normal at the p and
the direction to the light source. To compute the exact probability for each texel, Equa-
tion 5.14 could be used, however that is a heavy computation. Additionally, precision
is not particularly important at this stage. The approximation suëces and the CDF is
later calculated discretely using the preax sum and normalisation passes. Themethods
below, which are used tomanipulate the importance map, multiply their resultingmap
with the base map.

C =
1

π

∫

cos θdω (8.1)
dC

dA
=

1

πr2
cos θ cos θp (8.2)

cos θ = cos θp =
p · n̂
r

=
z

r
(8.3)

dC

dA
=

z2

πr4
(8.4)

Distance-based Importance

The arst method, which we refer to as lt_imp_dist, weighs the map using the squared
distances from the light source to the intersecting mesh as seen by the light source, for
each texel. The distance is calculated byarst using a rasterisation pass to compute theG-
buêer, and then a compute shader to compute the distances. This importancemap gives
far away objects a higher probability of being sampled than closer ones. Additionally,
empty areas are marked with the lowest probability (zero for single point sources).

Distance- and Camera-based Importance

The secondmethod, which we refer to as lt_imp_dist_cam, uses Equation 8.5. It weighs
the importancemapusing distance squared similar to the arstmethod however it is also
proportional to the angle between the camera and the intersection point, and inversely
proportional to the distance squared between the camera and the intersection point.
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Therefore, it is more likely for light to fall on areas of the mesh to which the camera is
looking directly at and to which the camera is closer to.

Pweight =
n̂ · (CameraPos− IntersectionPos) ‖IntersectionPos− LightPos‖2

‖CameraPos− IntersectionPos‖3 (8.5)

Distance- and Camera-based Importance with Culling

The third method, which we refer to as lt_imp_dist_cam_rt, uses the exact same func-
tion as the second method but further employs ray tracing to create a texture repre-
senting a mask. The mask alters the importance map to be limited to unoccluded areas
between the intersection point and the camera. This ensures that light samples aremin-
imised in areas where the light reaches a mesh, but the camera cannot see this mesh.

8.2.2 CDF Sampling
Depending on the light source type, the sampling strategy varies, but the general pro-
cess is similar. The goal is to and a direction from the light source that improves the
distribution of photons in a light tracer. A light source is selected at random, a point on
it is chosen, and an initial direction is sampled, for instance, using a cosine distribution
for area lights. We then determine if this direction intersects the virtual CDF plane. If it
does not, light tracing continues normally. If it does intersect, we must account for the
probability of this hit in the Monte Carlo estimator (this probability is obtained by di-
vidingPr fromEquation 5.14 by π). Subsequently, a newdirection is sampled according
to the PDF stored in the CDF plane, as detailed in Algorithm 6. This algorithm inverts
the CDF via a binary search to and a texel, providing a sample and its corresponding
PDF (see Table 8.1 for variable deanitions). Finally, Algorithm 7 is used to generate a
ray from the light source in the direction of the sampled texel, updating the ray’s di-
rection and calculating the necessary coeëcients for rendering. Figure 8.1 illustrates a
2D projection of the importance map overlaying the hemisphere from the light source’s
view, demonstrating why a base map is constructed to account for the shrinking area
oê-centre in the hemisphere and to apply the cosine distribution.

8.2.3 Interpolation of PDFs
The linear interpolation property of probability density functions (PDFs) enables use-
ful applications in rendering. Given two valid 2D PDFs, a and b, with dimensionsm×n

where ∑m−1
i=0

∑n−1
j=0 aij =

∑m−1
i=0

∑n−1
j=0 bij = 1 and each element is a positive number,
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Figure 8.1 CDF plane inside the hemisphere subtended by a light source

Table 8.1 Variable Deanitions for Algorithms 6 and 7

Variable Deanition
CDF CDF array
cdfIndex Index to select a speciac CDF map
coeff Geometric term: cos θ/distance2
cosθ Cosine between light normal and ray
distance Distance from ray origin to world point
impPdf PDF from importance map sampling
meta Importance map metadata
meta.plane Virtual plane parameters
meta.probSelectingRect Importance map selection probability
pdf PDF value
pt 2D intersection point on CDF plane
r Uniform random number in [0,1)
ray Ray with origin and direction
seed Random number generator seed
texel Sampled 2D texture coordinates
texelArea Area of a single texel
texelIndex 1D texel index from CDF search
unitLightNormal Light surface normal vector
uv 2D texture coordinates of the texel
worldPt 3D world point for sampled texel
w, u, v Orthonormal basis from light normal
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Algorithm 6 Importance Map Sampling
1: function SampleImportanceMap(seed, cdfIndex)
2: CDF← cdf [cdfIndex]
3: . Check if CDF contains valid light sources
4: if CDF is invalid (no visible lights) then
5: pdf ← 0.0
6: return ((0,0), 0)
7: end if
8: . Generate random number in [0, 1)
9: r ← rand_next(seed)

10: . Find pixel index using inverse CDF sampling
11: texelIndex← binarySearchCDF(r, cdfIndex)
12: if texelIndex is invalid then
13: return ((0,0), 0)
14: end if
15: . Convert to 2D coordinates and compute PDF
16: uv ← indexTo2D(texelIndex)
17: pdf ← CDF[texelIndex]− CDF[texelIndex− 1]
18: return (uv, pdf)
19: end function

their weighted combination cij = aijw+bij(1−w) for 0 ≤ w ≤ 1 also forms a valid PDF.
This is proven by Equation 8.10, which shows that ∑m−1

i=0

∑n−1
j=0 cij = 1.

m−1
∑

i=0

n−1
∑

j=0

aij =
m−1
∑

i=0

n−1
∑

j=0

bij = 1 (8.6)

m−1
∑

i=0

n−1
∑

j=0

cij =
m−1
∑

i=0

n−1
∑

j=0

(aijw + bij(1− w)) (8.7)

w

m−1
∑

i=0

n−1
∑

j=0

(aij) + (1− w)
m−1
∑

i=0

n−1
∑

j=0

(bij) (8.8)

w(1) + (1− w)(1) = 1 (8.9)
m−1
∑

i=0

n−1
∑

j=0

cij = 1 (8.10)

Figure 8.2 illustrates this property with three 4 × 4 PDFs, where c represents
the interpolation of a and b with weight w = 0.7. The colour scheme visually encodes
the interpolation: red tones indicate stronger inbuence from a, blue tones from b, and
their mixture produces pink hues in c. Additionally, colour intensity corresponds to
probability values, with darker shades representing higher probabilities.

This interpolation property extends naturally to CDFs and is particularly valu-
able for area light sampling. Consider a triangular area light where instead of using a
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Algorithm 7 Construct ray using CDF if CDF virtual plane is hit
1: function ConstructRayUsingCDF(seed, ray, pdf, coeê, unitLightNormal,

cdfIndex)
2: meta← impMeta[cdfIndex] . Get metadata of importance map
3: (w, u, v)← constructOrthonormalBasis(unitLightNormal)
4: . Check if ray intersects light plane
5: if not intersectsLightPlane(ray, w, meta.plane) then
6: return false
7: end if
8: pt← projectToLightPlane(ray, w, u, v,meta.plane)
9: if not isWithinLightPlaneBounds(pt, meta.plane) then

10: return false
11: end if
12: (texel, impPdf)← sampleImportanceMap(seed, cdfIndex)
13: if impPdf = 0.0 then
14: return false
15: end if
16: worldP t← texelToWorldSpace(texel, w, u, v,meta.plane)
17: . Update ray direction and compute coeëcients
18: ray.Direction← normalized(worldP t− ray.Origin)
19: distance← length(worldP t− ray.Origin)
20: cosθ ← dot(w, ray.Direction)
21: coeff ← cosθ

distance2

22: . Final PDF: importance PDF × selection probability / texel area
23: texelArea← computeTexelArea(meta.plane)
24: pdf ← impPdf × meta.probSelectingRect

texelArea

25: return true
26: end function

154



8 Importance

single CDF based on the triangle’s midpoint, we precompute CDFs at each vertex. Dur-
ing Monte Carlo sampling, when selecting a point on the triangle, we can interpolate
the vertex CDFs using barycentric coordinates, similar to normal interpolation, to ob-
tain a spatially varying CDF. This approach yields more accurate importance sampling
in light tracing, as the sampling distribution adapts to the triangle’s geometry rather
than assuming uniform characteristics across the surface.

0.05

0.07

0.03

0.12

0.02

0.05

0.1

0.08

0.07

0.02

0.08

0.05

0.04

0.11

0.03

0.08

PDF a

0.03

0.01

0.01

0.01

0.02

0.05

0.12

0.13

0.11

0.13

0.01

0.05

0.11

0.09

0.02

0.1

PDF b

0.044

0.052

0.024

0.087

0.02

0.05

0.106

0.095

0.082

0.053

0.059

0.05

0.061

0.104

0.027

0.086

PDF c = 0.7a+ 0.3b

Figure 8.2 PDF interpolation example with w = 0.7

8.3 Limitations
Importance maps do not perform well with scenes consisting of many lights. Storing a
map for every light in a scene would require a large amount of memory and processing
power. Importance maps need to be recomputed whenever the position or orientation
of a light source changes, orwhenever the camera changes. One possibleway to account
for many lights would be to randomly select a single light source per draw call. This
contrasts with the alternative of having each shader thread randomly choose a light,
which forces the entire set of lights, and importance map for each light, to be accessi-
ble to the shader for a single draw call. This mitigates all the issues discussed above,
however a single frame on its own would only contain the contribution from a single
light source. This solution would yield an unbiased result given an inanite number of
frames. However this is not useful for real-time rendering where we can only aêord to
generate a small number of frames. This approach only works well in oìine rendering.

8.4 Methodology
This study introduces and evaluates a range of light-tracing-basedmethods, as outlined
in the previous sections. The primary objective is to assess the eëcacy of thesemethods
in reducing variance when rendering caustics. To achieve this, image similarity metrics
are employed to compare rendered images against a reference image. Metrics such as
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FLIP, SSIM,MSE, PSNR,HDRVDP3, andLPIPS are utilised, providing a comprehensive
evaluation framework.

A diverse set of scenes featuring caustics is essential for this evaluation, as caus-
tics vary in nature; some exhibit sharp, high-frequency characteristics with curvature,
while others are more uniform and low-frequency. The selected scenes, which include
those used in the Spectral Denoising chapter, are a mixture of both types. This ensures
a robust evaluation across a range of caustic behaviours.

To ensure reproducibility, the stochastic nature of Monte Carlo renderers is ac-
counted for by recording the seed for each rendered image. This allows for consistent
replication of the experiment under the same conditions.

The evaluation is conducted through a systematic procedure, involving the gen-
eration of multiple image buêers, the creation of reference images, and the comparison
of rendered images against these references using the speciaed metrics. An aggregate
metric is also derived to summarise the results, providing a holistic view of the perfor-
mance of each shader across all metrics.

As a anal step, a subset of scenes computedwith the importance-basedmethods
are chosen anddenoised using themethods inChapter 7. A quantitative and qualitative
analysis is performed in order to understandwhether the performance of the denoisers,
especially the spectral-based denoisers and OptiX increases, especially whether they
are able to retain important curve-like structures (an important characteristic feature in
caustics) details better.

8.5 Experimental Setup
This section presents the speciac conaguration and parameters used to implement the
methodology outlined in Section 8.4. It details the test scenes and shaders employed,
the procedure for generating and comparing images, the criteria for denoising evalua-
tion, and the analytical framework for interpreting the results. The following subsec-
tions provide a comprehensive overview of the experimental conaguration.

8.5.1 Scenes
The scenes used in this experiment include those from the Spectral Denoising chapter
(Chapter 7) and from the Light Tracing chapter (Section 5.3), ensuring consistencywith
prior work. These are shown in Table 8.2, and the shaders used to render these scenes
are reiterated in Table 8.3. An additional scene, egg_closeup, presented in Figure 8.4a,
was introduced to provide a detailed view of the caustics present in egg. This selec-
tion ensures a mix of high-frequency (sharp, curved) and low-frequency (uniform)
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caustics, allowing for a comprehensive evaluation of the methods under diêerent con-
ditions. The reference shader column in the table shows which shader has been used
to generate it. The lights used in the scenes are also noted for more understanding with
regards to how the importance maps have been constructed.

Scene Reference Shader Lights
cup lt_imp_dist_cam Spot
cups lt_imp_dist_cam Directional
dice lt_imp_dist_cam Directional
reflect lt_imp_dist_cam Directional
outer lt_imp_dist_cam Directional
torus lt_imp_dist_cam Directional
egg lt_opt Area
egg_closeup lt_opt Area
water lt Spot

Table 8.2 Scene setup conaguration

Shader Description
pt Path Tracer
lt Light Tracer (Algorithm 3)
lt_opt Light Tracer with importance for specular materials

(COLT - Section 8.1)
lt_imp_dist Light Tracer using distance-based importance maps

(Section 8.2.1)
lt_imp_dist_cam Light Tracer using distance and camera-based impor-

tance maps (Section 8.2.1)
lt_imp_dist_cam_rt Light Tracer using distance and camera-based impor-

tance maps with ray traced culling (Section 8.2.1)

Table 8.3 Shader descriptions

8.5.2 Image Generation
For each rendered image, four buêers are output: diêuse, specular, caustics, and radi-
ance. The primary focus is on the caustics buêer, with the radiance buêer considered
supplementary.

A reference image is generated for each scene using 4million spp, producedwith
a speciac shader detailed in the accompanying table. For every combination of scene,
buêer, and shader, nine images are produced. Each image in the sequence has a sample
count ranging from 40 to 48 spp; where the number of samples per pixel quadruples for
each subsequent image as shown in Table 8.4. This is a design choice intended to cut the
variance in half. These images share a common seed, while the reference image uses a
distinct seed to ensure independence.
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Image Number (n) Samples per Pixel (s = 4n)
1 40 = 1
2 41 = 4
3 42 = 16
4 43 = 64
5 44 = 256
6 45 = 1024
7 46 = 4096
8 47 = 16384
9 48 = 65536
12 4

11
= 4194304

Table 8.4 Samples per Pixel for Each Image Number

8.5.3 Image Comparison and Metrics
Each rendered image is loaded and evaluated in three states: raw, tone-mapped with
ACES, and tone-mapped with ACES plus gamma correction. The primary focus is on
the tone-mapped images without gamma correction. Each transformed image is com-
pared to the reference using the speciaedmetrics ( FLIP, SSIM,MSE, PSNR, HDRVDP3,
and LPIPS), and the results are recorded.

An aggregate metric is derived to summarise the andings. This metric counts
the number of improvements across all metrics for each shader. Given six metrics and
ave shaders (excluding the reference), 30 comparisons are performed, resulting in an
aggregate score ranging from 0 to 30. A score of 30 indicates universal improvement
across all metrics, while a score of 0 signiaes no improvement or worse performance.
The aggregate metric weighs all metrics equally, though the weighting can be adjusted
to prioritise speciac metrics if necessary.

8.5.4 Visualisation and Analysis
The results are visualised through a series of plots, with a graph generated for each
combination of scene, buêer type, and metric. With nine scenes, seven metrics (in-
cluding the aggregate), and four buêer types, a total of 252 graphs are produced. Due
to the volume of data, the discussion primarily focuses on the aggregate metric, with
individual metrics examined as needed for clariacation or deeper insight.

8.5.5 Denoising
Four scenes are selected for denoising evaluation: cups, dice, reflect, and outer. The
analysis computes metric scores for both the noisy 16 spp caustic buêer input and the
denoised outputs from ReBLUR, ReLAX (in both accumulating and non-accumulating
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variants), as well as the spectral denoisers. These scores are evaluated against the ave
metrics and the aggregate metric established in Chapter 7.

The results are compared quantitatively with both the noisy inputs and the de-
noised outputs from Chapter 7, which did not incorporate importance-based sampling
methods. For qualitative assessment, the denoised buêers are visually inspected and
discussed in detail.

8.5.6 Verdict and Discussion
The best-performing shader for each scene is identiaed based on the aggregate metric.
Consistency in performance across multiple scenes strengthens the case for a shader’s
superiority. However, particular emphasis is placed on improvements achieved with
lower sample-per-pixel (spp) counts, as real-time rendering constraints often limit spp
to 16 or fewer. This ensures practical relevance for real-time applications.

The discussion in Section 8.7 provides an interpretation of the results, exploring
observed relationships and oêering explanations for the andings. This analysis con-
textualises the performance of the shaders and their implications for rendering caustics
eêectively.

8.6 Evaluation
Figures 8.5 and 8.4a present the reference images for each scene. These images were
rendered at 4 million spp using a hybrid rendering approach that combines path trac-
ing and light tracing, as speciaed in Table 8.2. Path tracing was employed to connect
specular objects with the pinhole camera, as such paths cannot be generated by a light
tracer. The corresponding reference caustic buêers, which rely exclusively on light trac-
ing, are shown in Figures 8.6 and 8.4b. The cropped radiance buêers are displayed in
Figures 8.7 and 8.4c, while the blurred radiance buêers are presented in Figures 8.8
and 8.4d.

Figures 8.9 through 8.17 show the caustic buêers for all scenes at 16 spp, as gen-
erated by each shader. The aggregate metrics for the caustic buêers are illustrated in
Figures 8.18 and 8.4e. Furthermore, the aggregate metrics for comparisons performed
after blurring both the noisy and reference images are shown in Figures 8.19 and 8.4f,
and those for comparisons after downsampling all images by 25% are given in Fig-
ures 8.20 and 8.4g. The aggregate metrics for cropped versions of the original images,
focusing on areas containing caustics, are presented in Figures 8.21 and 8.4h. Finally,
Table 8.5 details the computation time inmilliseconds for each shader per frame, where
the total time is the sum of the pt time and that of any lt-based shader.
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In all scenes except egg, egg_closeup, and water, the score for lt_imp_dist_cam
increased steadily with more iterations, surpassing all other shaders upon reaching
4096 spp across all metrics. This indicates that it is the shader which demonstrates con-
sistent improvement across themajority ofmetrics. It eventually achieves themaximum
aggregate score of 30 in these scenes, signifying improvement across every metric. In
the egg, egg_closeup, and water scenes, the highest scorer is lt beyond 4096 iterations.

The arst few iterations are most important for realtime rendering. Considering
the arst 16 spp; For cup, lt_imp_dist_cam_rt scored highest during the arst 4 iterations
surpassed by lt_imp_dist_cam thereafter. In cups, lt_opt scored highest while in dice,
it is surpassed by pt starting from 16 spp. In reflect, lt_opt, lt and lt_imp_dist_cam_rt
scored higher. In outer and torus, pt scored higher. Finally, in egg, egg_closeup, and
water, lt and lt_opt scored higher.

There are unexpected results. The path tracer is only capable of generating caus-
tics in egg and egg_closeup because it is only able to connect rays from specular objects
to area light sources. This limitation is evident in Figure 8.11, where directional light-
ing in dice prevents the formation of caustics. However, in dice, all metrics determine
that the path tracer (pt) performed better at 16 spp. This result is consistent (to a lesser
degree) whether the image is gamma corrected or not tone mapped at all. When the
result is gamma corrected, at 16 spp, only LPIPS determines path tracing to be worse
thanmost other shaders. With the raw image however, onlyMSE determines path trac-
ing to be the worse result. This problem appears also in cups at 64 spp (frame 3), in
outer during the arst three frames and in torus during the arst four frames.

Additionally, MSE shows an abnormal spike at this sample point. This is out-
lined in Figure 8.3.

Figure 8.3 Spike in MSE with pt with raw render
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8.6.1 Variations
The blurred versions are illustrated in Figures 8.19 and 8.4f. These demonstrate that
lt_imp_dist_cam outperforms other shaders at 16 spp in the cup, cups, dice, reflect,
and torus scenes. In outer, it outperforms other shaders from 64 spp onwards. In egg
and egg_closeup, lt_opt and lt perform better, while in water, lt outperforms at all
sample counts. In dice, the path tracer scores higher only up to 4 spp and unlike in
Figure 8.18, its performance declines with more samples per pixel.

Up to 16 spp, pt dominates only at 1 spp in cups, and only up to 4 spp in dice. In
reflect, lt_imp_dist_cam_rt performs better up to 4 spp, after which lt_imp_dist_cam
scores better at 16 spp. In outer, lt_opt is superior, whereas in torus, lt_imp_dist_cam
scores better starting from 4 spp. In egg, lt_opt scores higher, and in water, lt performs
best.

The downsampled versions, shown in Figures 8.20 and 8.4g, are broadly similar
to the blurred versions, with slight discrepancies in outer and torus. In outer, lt_opt
dominates up to 64 spp, rather than 16 spp. In torus, lt performs better at 256 and 1024
spp, instead of only at 256 spp.

Figures 8.21 and 8.4h present the cropped versions. lt_imp_dist_cam dominates
at higher spp in all scenes except egg and water, where lt_opt and lt, respectively,
perform better. At lower sample counts, up to 16 spp, the best-performing shaders are
varied, with trends that share similarities to the original results. In cup, cups, and outer,
lt_imp_dist_cam performs best at 16 spp; in dice and torus, pt is superior. In egg and
water, lt_opt and lt perform best respectively.

scene pt lt lt_opt lt_imp_dist lt_imp_dist_ lt_imp_dist_
cam cam_rt

cup 1.02 2.11 3.42 2.56 2.79 2.42
cups 1.65 2.06 3.10 2.88 4.18 3.73
rebect 1.36 2.06 3.07 2.88 4.08 3.62
dice 1.52 2.10 3.10 2.95 3.49 3.21
outer 1.88 2.65 3.65 3.86 4.14 3.95
torus 1.21 1.80 2.54 2.14 2.37 2.15
egg 1.10 8.38 5.00 5.36 5.50 5.50

water 1.12 5.02 4.30 6.10 5.50 4.82
egg_closeup 1.38 6.20 4.15 4.84 4.78 4.86

Table 8.5 Shader performance per frame (approximate in ms) per scene. Hardware:
Intel i7-8700K, NVIDIA GeForce RTX 2080 Ti
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(a) Radiance (b) Caustics

(c) Cropped (Rotated) (d) Blurred

(e) Aggregate (f) Aggregate - Blurred

(g) Aggregate - Downsampled 25% (h) Aggregate - Cropped

Figure 8.4 egg_closeup buêers, variations and plots
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 8.5 Radiance Buêers
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 8.6 Caustics Buêers

164



8 Importance

(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 8.7 Cropped Radiance Buêers
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 8.8 Blurred Radiance Buêers
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(a) lt (b) lt_imp_dist

(c) lt_imp_dist_cam (d) lt_imp_dist_cam_rt

(e) lt_opt (f) pt

Figure 8.9 cup renders
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(a) lt (b) lt_imp_dist

(c) lt_imp_dist_cam (d) lt_imp_dist_cam_rt

(e) lt_opt (f) pt

Figure 8.10 cups renders
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(a) lt (b) lt_imp_dist

(c) lt_imp_dist_cam (d) lt_imp_dist_cam_rt

(e) lt_opt (f) pt

Figure 8.11 dice renders
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(a) lt (b) lt_imp_dist

(c) lt_imp_dist_cam (d) lt_imp_dist_cam_rt

(e) lt_opt (f) pt

Figure 8.12 reflect renders
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(a) lt (b) lt_imp_dist

(c) lt_imp_dist_cam (d) lt_imp_dist_cam_rt

(e) lt_opt (f) pt

Figure 8.13 outer renders
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(a) lt (b) lt_imp_dist

(c) lt_imp_dist_cam (d) lt_imp_dist_cam_rt

(e) lt_opt (f) pt

Figure 8.14 torus renders
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(a) lt (b) lt_imp_dist

(c) lt_imp_dist_cam (d) lt_imp_dist_cam_rt

(e) lt_opt (f) pt

Figure 8.15 egg renders
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(a) lt (b) lt_imp_dist

(c) lt_imp_dist_cam (d) lt_imp_dist_cam_rt

(e) lt_opt (f) pt

Figure 8.16 egg_closeup renders

174



8 Importance

(a) lt (b) lt_imp_dist

(c) lt_imp_dist_cam (d) lt_imp_dist_cam_rt

(e) lt_opt (f) pt

Figure 8.17 water renders
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 8.18 Aggregate
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 8.19 Aggregate - Blurred - 2
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(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 8.20 Aggregate - Downsampled 25%

178



8 Importance

(a) cup (b) cups

(c) dice (d) reflect

(e) outer (f) torus

(g) egg (h) water

Figure 8.21 Aggregate - Cropped
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(a) cups (b) dice

(c) reflect (d) outer

Figure 8.22 Collection of various images used in the study (image brightness
enhanced for illustrative purposes). Each image is divided into four quadrants.

Top-left: Ground truth image. Top-right: Noisy input. Bottom-left: Result from the
OptiX denoiser. Bottom-right: Best denoised candidate from traditional denoisers.
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8.6.2 Denoising
Table 8.23 presents the scores for each metric on each noisy image. Table 8.6 lists the
ReLAX and ReBLUR scores for denoised images with and without caustic buêer ac-
cumulation. Table 8.7 details the parameters used to achieve the best scores across all
metrics. Table 8.8 shows the best aggregate scores sorted using Algorithm 5, while Ta-
ble 8.9 lists the parameters used to obtain these scores. Table 8.10 contains the scores
for OptiX with caustic accumulation. Table 8.11 summarises the best scores across all
metrics. Figure 8.24 compares theOptiX denoised imageswith andwithout importance
and Figure 8.25 compares the denoised spectral images for the aggregate metrics with
and without importance.

FLIP VDP3 MSE PSNR SSIM
s 1.64e-01 2.51 1.81e-02 17.41 0.42
d 1.26e-01 2.63 1.58e-02 18.01 0.35
r 3.77e-02 2.29 2.36e-03 26.28 0.68
o 5.44e-02 2.59 3.60e-03 24.44 0.66

Figure 8.23 Metric scores for the noisy images.

FLIP FLIP VDP3 VDP3 MSE MSE PSNR PSNR SSIM SSIM
Acc. Acc. Acc. Acc. Acc.

s 9.23e-02 8.35e-02 4.40 4.63 3.12e-03 2.48e-03 25.06 26.05 0.61 0.62
d 7.05e-02 6.98e-02 2.35 2.26 3.07e-03 3.17e-03 25.13 24.71 0.51 0.50
r 2.05e-02 1.99e-02 5.22 5.35 3.43e-04 3.29e-04 34.65 34.83 0.83 0.84
o 2.58e-02 2.64e-02 6.19 5.96 5.11e-04 6.22e-04 32.83 31.98 0.86 0.86
s 1.02e-01 1.15e-01 4.13 3.09 3.90e-03 5.94e-03 24.09 22.27 0.56 0.51
d 7.61e-02 8.49e-02 2.71 1.83 3.41e-03 5.13e-03 24.37 22.60 0.47 0.41
r 2.09e-02 2.13e-02 5.42 5.73 2.94e-04 2.73e-04 34.92 34.90 0.82 0.79
o 2.88e-02 3.29e-02 5.94 5.24 6.77e-04 9.73e-04 31.62 30.04 0.83 0.80

Table 8.6 Accumulating and non-accumulating scores. Best score for each
scene-metric pair shown in bold. Top: ReLAX. Bottom: ReBLUR.

Metric Search Denoiser Thres. Ts(s) Td(s) Score
s FLIP powell curvelet garrote 982 3.27 8.46e-02
s VDP3 powell fourier soft 39798 0.27 5.98
s MSE cobyla curvelet mult 395 3.15 2.48e-03
s PSNR powell wavelet hard 67 0.05 28.15
s SSIM powell wavelet hard 418 0.05 0.78
d FLIP powell curvelet soft 883 3.44 7.06e-02
d VDP3 gp fourier hard 2232 0.28 5.07
d MSE powell curvelet hard 470 3.17 3.41e-03
d PSNR powell wav/20 hard 105 0.18 27.90
d SSIM powell wavelet hard 511 0.05 0.70

Metric Search Denoiser Thres. Ts(s) Td(s) Score
r FLIP powell curvelet mult 2206 3.15 1.82e-02
r VDP3 powell curvelet garrote 2925 3.21 7.44
r MSE powell curvelet garrote 411 3.21 1.39e-04
r PSNR trust curvelet garrote 1667 3.29 37.83
r SSIM powell curvelet mult 730 3.06 0.89
o FLIP powell curvelet soft 842 3.27 2.66e-02
o VDP3 powell curvelet hard 5541 3.16 7.32
o MSE powell curvelet garrote 802 3.29 3.25e-04
o PSNR bfgs curvelet garrote 637 3.12 34.80
o SSIM powell curvelet mult 812 3.01 0.89

Table 8.7 Best scores from multiple runs (detailed); gp is Bayesian optimisation. Ts is
search time, Td is denoising time.1

When comparing the optimal results in Table 8.11 with those of ReLAX, it is
evident that reflect exhibited superior performance across all metrics. The cup and
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FLIP VDP3 MSE PSNR SSIM
s 9.24e-02 5.33 2.48e-03 26.07 0.67
d 8.40e-02 3.82 3.52e-03 24.24 0.55
r 2.19e-02 7.20 1.39e-04 37.83 0.87
o 2.79e-02 7.08 3.25e-04 34.80 0.87

Table 8.8 Aggregate metrics
with all metrics computed.

Metric Search Denoiser Thres. Ts(s) Td(s) Score
s MSE cobyla curvelet mult 395 3.05 2.48e-03
d MSE cobyla fourier mult 138 0.29 3.52e-03
r MSE trust curvelet garrote 940 3.20 1.39e-04
o MSE bfgs curvelet garrote 485 3.25 3.25e-04

Table 8.9 Aggregate metrics. Ts is search time, Td

is denoising time.1

dice methods demonstrated improved results in HDRVDP3, PSNR, and SSIM, while
outer performedwell in all metrics except FLIP. In comparisonwith ReBLUR, all scenes
showed enhanced performance across all metrics, with the exception of dice, which ex-
hibited comparable MSE values. Relative to OptiX, the majority of results were gener-
ally less favourable, though HDRVDP3 scores improved in all cases. The dice method
achieved higher PSNR values, while cup and dice performed particularly well in SSIM.
As shown in Table 8.7, the curvelet transform generally delivered robust performance.

When examining the results presented in Chapter 7, the spectral denoisers in
Table 8.11 demonstrate superior performance to those in Table 7.7 for the four tested
scenes, with the exception of cups under the FLIP metric and dice under the PSNR
metric. Similarly, the spectral denoisers in Table 8.8 achieve better results than those in
Table 7.4, except for cups when evaluated using the FLIP and PSNR metrics.

A comparison between the denoised outputs from ReLAX and ReBLUR in Ta-
ble 8.6 and their non-importance-based counterparts in Table 7.2 reveals that gener-
ally the importance-based methods yield higher scores, except for cups under the FLIP
metric in both ReLAX and ReBLUR. In the case of OptiX, all scenes denoised from
importance-based noisy inputs in Table 8.10 consistently outperform those in Table 7.6
across every metric.

8.7 Discussion
When compared with other shaders, lt_imp_dist_cam outperforms others in 75% of
cases at high spp. However, according to the rendered images at lower spp, the initial
results seem to be oê. The problem is that the path tracer achieves a very high score in
scenes such as dice. As outlined earlier, this should not be possible since, for this scene,
the path tracer does not output any direct caustics (see Figure 8.11).

Initially, we considered whether the problem might relate to the fact that the
caustics occupy a small area relative to the buêer size. New comparisons were made
using cropped buêers (see Figure 8.21 and Figure 8.4h), ensuring that only regions
where caustics are the dominant feature were retained. However, the results did not

1Search runs distributed on AMDRyzen 3600X, 3960X, 7950X, Intel i7-8700K (a) +NVIDIA RTX 2080
Ti (b). Only FLIP on (b). Denoising on (a).
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(a) cups (b) cups (importance)

(c) dice (d) dice (importance)

(e) reflect (f) reflect (importance)

(g) outer (h) outer (importance)

Figure 8.24 OptiX denoised. Non-importance vs. importance.
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(a) cups (b) cups (importance)

(c) dice (d) dice (importance)

(e) reflect (f) reflect (importance)

(g) outer (h) outer (importance)

Figure 8.25 Spectral denoised. Non-importance vs. importance.
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FLIP VDP3 MSE PSNR SSIM
s 6.30e-02 4.17 9.52e-04 30.21 0.73
d 5.95e-02 2.42 1.68e-03 27.45 0.61
r 1.69e-02 6.92 1.24e-04 38.33 0.90
o 2.05e-02 6.71 2.24e-04 36.41 0.91

Table 8.10 OptiX accumulating scores.

FLIP VDP3 MSE PSNR SSIM
s 8.46e-02 5.98 2.48e-03 28.15 0.78
d 7.06e-02 5.07 3.41e-03 27.90 0.70
r 1.82e-02 7.44 1.39e-04 37.83 0.89
o 2.66e-02 7.32 3.25e-04 34.80 0.89

Table 8.11 Best scores from multiple runs.

show signiacant improvement, with the path tracer still scoring highly in dice. This
indicates that the problem lies elsewhere, and we suspected that noise might be the
issue.

To test whether noise is the primary problem, we blurred all images and com-
puted new scores (see Figure 8.19 and Figure 8.4f). Blurring serves as a basic low-pass
alter, attenuating high frequency noise that is prominent at lower spp. While blurring
aêects the caustic pattern, at lower sample counts it produces a better quality image.
With this method, the path tracer declines sharply at higher sample counts, as caustics
begin to form with the other shaders. Downsampling has a similar eêect to blurring,
as noise is reduced because a pixel in the downsampled version eêectively integrates
more samples than in the original, depending on the scale used for downsampling.

For most scenes, lt_imp_dist_cam performed better. This technique assigns im-
portance to distant objects and to objects that are closer to the viewing camera, which
helps redistribute light rays to where they are needed. It performs especially well in
scenes with a high number of specular objects, such as cup, dice, reflect, and outer.
The caustics in these scenes are superior to those produced by any other shader for the
same number of samples. lt_opt performs poorly in these scenes, as assigning impor-
tance to specular objects when the scene is densely populated with them becomes as
ineêective as random sampling. However, in scenes with fewer specular objects such
as egg, lt_opt performs best. In egg, ring pattern caustics beneath the glass egg are
already visible. This eêect is not achieved by other shaders with the same number of
samples. In water, lt performed best. In the renders, the caustics on the ceiling are
visibly less noisy than those from any other shader.

lt_imp_dist_cam_rt has beendesigned for indirect caustics, prioritising light rays
that are visible to the camera. The tested scenes reveal that parts of the caustic pattern
are missing. For instance, in dice, the curves at the centre of the caustics are absent.
This occurs because the large cup on the right occludes direct visibility from the boor
to the light, causing the importance map to cull this region.

In most cases, lt_imp_dist performed better than lt. However, lt_imp_dist is
never the best performing shader in any scene or at any sample count.
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8.7.1 Denoising
Overall, the comparative performance observed among spectral denoisers, ReBLUR,
ReLAX and OptiX in these results aligns with the andings presented in Chapter 7.
Speciacally, ReBLUR and ReLAX exhibited inferior performance relative to spectral de-
noisers, which themselves demonstrated weaker results compared to OptiX.

cups demonstrates signiacantly improved caustic pattern deanition when as-
sessed via FLIP, attributable to the curvelet transform’s eêective preservation of edge
characteristics and directional information. Conversely, ReLAX-produced images ex-
hibit noticeable blurring and increased noise levels. OptiX consistently outperforms
other methods, delivering exceptionally sharp caustics and noise-free results across all
test scenes. Nevertheless, conventional denoising approaches occasionally achieve su-
perior outcomes – particularly in the outer scene (Figure 8.27), where some curvilinear
features within caustic patterns become attenuated. In these speciac cases, curvelet-
based methods retain their performance advantage.

The performance of the metrics used to determine denoising coeëcients varied
signiacantly. Overall, FLIP performedwell, except in reflect where the scene appeared
overexposed, resulting in a loss of detail. Conversely, theHDRVDP3metric still yielded
suboptimal results due to the presence of clustered speckle noise, as illustrated in Fig-
ure 8.26, despite the input being less noisy. MSE still performedwell, except in the cups
scenario, where the image appeared blurred. Again, PSNR underperformed in scenes
such as dice and cups, despite its close relationship with MSE. Similarly, SSIM was the
least eêective metric, producing unsatisfactory results in the cups and dice scenarios,
where pixelation artefacts were evident. Additionally, in the outer and reflect scenar-
ios, the images appeared overexposed, making the caustic patterns barely discernible.

The enhanced caustic buêers, when processed with noisy importance-based in-
puts, exhibited signiacant improvements. As illustrated in Figure 8.24 for OptiX, cups
and reflect now display intricate caustic patterns that were previously indiscernible,
having been replaced by indistinct blurred regions of light. Within dice, additional
curvilinear features emerge along the caustic’s periphery, particularly near the physical
dice. The outer scene demonstrates more nuanced reanements owing to the diminu-
tive scale of its caustics. Notably, the caustic formations exhibit greater deanition, and
when examining the diêusely rebective vase in the background, alterations in shading
illumination attributable to caustics become apparent.

The spectral denoising results presented in Figure 8.25 demonstrate enhanced
quality in the caustics buêer when processing importance-based noisy inputs. Unlike
the OptiX case, the non-importance images do not exhibit blurring but rather display
curve-like artefacts introduced by the curvelet transform. When denoising importance-
based inputs, these artefacts diminish, thereby allowing the underlying caustic patterns
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to emerge. Mirroring the OptiX observations, substantial enhancements are evident
in cups and reflect, where intricate details near glass surfaces become clearly visible,
while dice and outer exhibit more subtle yet discernible improvements.

Although the agures have been enhanced in brightness to improve visibility of
changes (thereby accentuating the curve-like artefacts), OptiX maintains superior de-
noising performance. While it exhibits a tendency to blur certain details and may lose
some caustic information during processing, its output remains virtually noise-free.
This approach strikes an eêective compromise between preserving structural details
and suppressing noise.

Figure 8.26 Clustered speckle
noise in dice with VDP3.

Figure 8.27 Left: Reference. Middle: OptiX. Right:
Curvelet.

8.8 Summary
This chapter explores enhancements to the CLT to achieve lower noise in unbiased ren-
dering at 16 spp, addressing the limitations of spectral denoising and AI-based denois-
ers like OptiX in preserving caustic details. Building on prior andings, the chapter
introduces two importance sampling techniques: COLT and Importance Maps. COLT
mimics NEE by strategically sampling specular materials, proving especially eêective
in scenes with few rebective objects. Importance Maps, implemented as 2D probability
textures, guide light sampling using threemethods; distance-basedweighting, camera-
awareweighting (incorporating viewdirection and occlusion), and ray-traced visibility
culling. These are used to prioritise light paths contributing most to the anal image.

The evaluation leverages scenes from earlier denoising studies, employing met-
rics like MSE, SSIM, PSNR, HDRVDP3, FLIP, and LPIPS, alongside a revised aggregate
metric. Results demonstrate that camera-aware importance maps (lt_imp_dist_cam)
consistently outperform other methods at higher spp by eëciently redistributing light
to visible, distant regions, while COLT (lt_opt) excels in scenes with sparse specu-
lar objects (e.g., egg). Notably, path tracing scores deceptively well at low spp due to
metric sensitivity to noise, but this artefact vanishes when images are blurred or down-
sampled, conarming PT’s inadequacy for caustics.

Denoising experiments reveal that importance-based inputs improve all denois-
ers, with OptiX remaining superior but spectral methods closing the gap in preserv-

187



8 Importance

ing structural details (e.g., curvelets outperform OptiX in retaining caustic curves in
outer). However, limitations persist: ImportanceMaps are costly for dynamic scenes or
multi-light setups, and metric inconsistencies (e.g., SSIM’s poor performance with pix-
elation artefacts) underscore challenges in low-spp evaluation. The chapter concludes
that lt_imp_dist_cam is ideal for high-quality rendering, while lt_opt or standard lt
may suëce for speciac low-spp or low-specular scenarios, emphasising the need for
noise-robust metrics in real-time applications.
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The unbiased depiction of intricate light phenomena, including caustics, can be ob-
tained through oìine Monte Carlo ray tracing methods such as MLT and BPT. In real-
time rendering, however, techniques for caustics have largely relied on approxima-
tions, employing either screen-space approaches that lack accuracy or precomputed
light paths that sacriace dynamism, owing to the stringent computational demands
and limited time constraints. The advent of hardware-accelerated ray tracing in con-
temporary GPUs has gradually enabled the adoption of Monte Carlo-based ray trac-
ing techniques in real-time applications. Nevertheless, these methods predominantly
address more straightforward global illumination eêects, such as colour bleeding and
direct rebections. Rendering caustics in real time remains particularly challenging due
to their complex light transport paths and the need for precise angular sampling, which
often results in excessive noise under tight temporal constraints.

The primary aim of this thesis has been to develop methods for rendering caus-
tics in real time. Our approach involved surveying the extensive body of oìine render-
ing literature and adapting suitable techniques for implementation on GPU hardware.
Due to architectural diêerences, we established key criteria to accommodate GPU limi-
tations, such as avoiding complex data structures and prioritising texture-based storage
where necessary. Path tracing emerged as themost straightforwardmethod compatible
with GPU constraints while still capable of rendering caustics.

To ensuremethodological correctness, Chapter 4 describes our initial implemen-
tation of a CPU-based path tracer with a streamlined yet robust design, facilitating later
GPU adaptation and veriacation of techniques. Prior to deployment on the GPU, we
developed auxiliary debugging tools. During GPU implementation, issues such as are-
bies and random black pixels arose. Recognising that debugging on both CPU (visu-
alisation challenges) and GPU (lack of straightforward diagnostic tools) posed signif-
icant hurdles, particularly for more complex algorithms, we consolidated these tools
into a uniaed framework named Anvil. This framework enables real-time visualisa-
tion of common data structures like rays and supports breakpoint functionality, vastly
accelerating debugging and development.

Chapter 5 introduces light tracing as our second candidate for GPU implemen-
tation. Its inherently stateless nature makes it well-suited to GPU architectures, and
its light-based path generation outperforms path tracing in rendering caustics. We arst
conducted a feasibility studyusingAnvil to determinewhetherCPU-based light tracing
could generate visible caustics within a few frames. Based on these promising results,
we proceeded with the GPU implementation, documenting all encountered technical
challenges. We conducted evaluations across multiple benchmark scenes, conarming
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that the GPU-based light tracer operates within real-time constraints while meeting
convergence metrics. However, the resulting caustics exhibited excessive noise.

To preserve the structural patterns in caustics while mitigating noise, we ex-
plored spectral denoising, a process divided into oìine threshold coeëcient determi-
nation and online application. Given the high-dimensional parameter space involved,
Chapter 6 presents Forge, an extension of Anvil designed for distributed evaluation.
Forge employs the same data model (atoms andmolecules) while enabling large-scale,
reproducible testing without modifying the evaluated software, thus reducing human
error and conaguration inconsistencies.

Chapter 7 details Forge-assisted spectral denoising experiments. After assess-
ing multiple spectral algorithms, search methods, and thresholding techniques, with
results validated within strict conadence intervals, we identiaed curvelets as the opti-
mal solution, excluding theAI-basedOptiX denoiser. Nonetheless, the denoised output
occasionally exhibited artefacts or excessive blurring.

Chapter 8 examines importance-based sampling to reduce noise in light-traced
caustics at axed sample counts. The reaned signal undergoes denoising once more,
ultimately yielding higher-adelity caustics.

9.1 Contributions
The primary contribution of this thesis lies in the unbiased real-time generation of caus-
tics. We introduce an importance-driven light tracing algorithm that generates caustics
with noise levels demonstrably suitable for subsequent denoising processes. The re-
maining sections outline the speciac contributions organised by chapter.

9.1.1 Anvil
Anvil represents a visual debugging framework speciacally developed to address the
challenges inherent in physically based rendering, particularly stochastic variations like
MonteCarlo rendering. Utilising the ECS architectural pattern, it provides scalable low-
level primitives well-suited for computer graphics applications. By employing atom
and molecule mapping, the tool enables users to visually inspect ray propagation pat-
terns, energy transfer quantities, and related phenomena. The system’s modular ar-
chitecture allows for straightforward integration of additional visualisers to address
previously unexplored debugging scenarios. Its development was driven by practical
demands, aiming to enhance existing debuggingmethodologies. Empirical case studies
demonstrate that Anvil signiacantly enhances productivity by accelerating the process
of identifying and resolving rendering issues.
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List of Contributions

• Aversatile debugging andvisualisation framework speciacally tailored for stochas-
tic rendering applications

• Supports interactive debugging capabilities enabling exploratory analysis during
development

• Features modular architecture permitting eêortless integration and reuse of visu-
alisation components

• Demonstrates suëcient abstraction for potential adaptation to other technical do-
mains

9.1.2 Light Tracing
The GPU-based implementation of light tracing was chosen to accelerate the conver-
gence of real-time caustics due to its unbiased nature and stateless characteristics. This
approach oêers distinct advantages over alternative techniques such as PM or BPT.
The system permits adjustable bit-depth settings for irradiance accumulation and seg-
regates radiance into multiple buêers to facilitate analysis and potential denoising dur-
ing the research process. Rigorous testing was conducted using Anvil, with compar-
isons drawn against both path tracing and light tracing outputs. Experimental results
demonstrate a mean rendering duration of 3.27 milliseconds per frame, conarming ad-
herence to real-time performance requirements. This foundational work will support
the development of importance-based light tracing in subsequent chapters.

List of Contributions

• A real-time GPU implementation of unbiased light tracing methodology

• Output generation designed for seamless integration with contemporary denois-
ing systems

9.1.3 Forge
Forge represents an extension of the Anvil framework, speciacally developed to stan-
dardise and optimise assessment procedures within computer graphics pipelines. This
system addresses multiple critical challenges in the aeld, including maintaining con-
aguration consistency across diverse renderers, reducing potential human errors, and
improving the repeatability of experimental outcomes. Through these advancements,
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Forge oêers researchers and developers a dependable platform for conducting precise
comparative analyses of rendering methodologies.

The framework serves as the foundation for evaluation in spectral denoising,
particularly in determining optimal thresholding coeëcients. Building upon Anvil’s
existing capabilities, Forge introduces support for distributed evaluations, enabling ex-
ecution both on local systems and across networked environments. This bexibility fa-
cilitates integration with existing functionality from libraries implemented in various
programming languages. For instance, in our work, image similarity metrics such as
HDRVDP3 were accessed via MATLAB, while FLIP and other metrics were computed
using Python, with thresholding coeëcient searches conducted eëciently across these
environments. Additionally, Forge was employed to verify the accuracy of the GPU-
based light tracing implementation discussed in Chapter 5, further ensuring the relia-
bility of our results.

List of Contributions

• A universal evaluation framework speciacally developed for stochastic rendering
applications

• Builds upon the Anvil architecture, facilitating the reuse of fundamental render-
ing components (atoms/molecules)

• Supports decentralised evaluation with real-time synchronisation capabilities

• EmploysWebSocket-based synchronisation enabling globally distributed compo-
nent integration via internet infrastructure

9.1.4 Spectral Denoising
The high noise levels in our light tracer implementation prompted an evaluation of
spectral transforms (Fourier, wavelet, and curvelet) for denoising caustics in Monte
Carlo rendering, where we employed Forge to determine optimal altering coeëcients
in the spectral domain. While curvelet transforms proved superior to traditional meth-
ods in preserving high-frequency details, they were ultimately outperformed in overall
noise reduction byAI-based denoisers like OptiX. Despite this limitation, our investiga-
tion demonstrated promising results regarding coeëcient reuse across colour signals,
diêerent scene viewpoints, and entirely distinct scenes, suggesting potential broader
applications for these spectral techniques. The eêectiveness of spectral denoising is
additionally assessed when applied to importance-based light tracing, demonstrating
that even marginal improvements in input quality yield measurable enhancements in
the anal denoised results.
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List of Contributions

• A systematic comparison of traditional image transforms against state-of-the-art
denoising techniques in the context of denoising caustics from inputs with low
sample counts.

• Amethod for searching for the optimal settings of coeëcients for Fourier, wavelet
and curvelet transforms, tailored to the speciac challenge of caustics noise reduc-
tion, using statistical methods to validate these andings.

• The use of a comprehensive set of evaluation metrics to assess image quality, of-
fering insights into the strengths and limitations of each metric when applied to
the problem of denoising caustics in PBR-generated images.

9.1.5 Importance
In an attempt to reduce the noise produced by the GPU-based light tracer without in-
creasing the sample rate (16 spp), this chapter explored the implementation and eval-
uation of GPU-based light tracing techniques for rendering caustics in real-time, with
a focus on the CandelaDXR renderer built using DXR. Several variations of the light
tracer were introduced, including the Naive Light Tracer, Caustics-Optimised Light
Tracer, and ImportanceMap Light Tracer, each addressing speciac challenges in caustic
rendering. The results highlighted the strengths of the Importance Map Light Tracer,
particularly the lt_imp_dist_cam shader, which outperformed other methods in most
scenes by eêectively redistributing light rays to areas of interest. Evaluation of the en-
hanced light tracer with spectral denoising revealed substantial improvements in cer-
tain scenes, including cases where the curvelet-based approach better preserved ane
details compared to the OptiX denoiser.

List of Contributions

• COLT - a GPU-optimised light tracing framework speciacally designed for caus-
tics, featuring direct sampling of specular surfaces

• An importance-driven GPU light tracer incorporating camera position, distance
metrics and occlusion data to inform light path generation

• A comprehensive assessment of spectral denoising techniques using enhanced
input data sources
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9.2 Findings and Insight
This research presents novel developments in real-time caustics rendering. It proposes
a visual debugging methodology employing established computer graphics constructs
(including rays and radiance) to facilitate the transition of oìine Monte Carlo tech-
niques into real-time applications. Conventional debugging tools like NVIDIA Nsight
and Pix primarily focus on binary-level analysis, proving inadequate for visualising
typical rendering issues, particularly those stemming from erroneous probability dis-
tributions. By utilising Anvil, we achieved operation at a higher-level of abstraction
level, thereby exposing previously obscured rendering artefacts.

When adapting the light tracing algorithm, the complexities inherent inGPU im-
plementation became apparent. The challenges associated with the PRNG employed
in the process proved particularly diëcult to identify. Nevertheless, light tracing of-
fers an eëcient implementation that maximises the potential of GPU hardware. The
algorithm’s performance exhibits a direct correlation with the number of samples. In
contrast to path tracing, sample rates remain independent of output resolution, allow-
ing for the application of adaptive techniques to optimise the trade-oê between noise
reduction and computational eëciency.

Importance-based approaches yield noticeable enhancementswithminimal com-
putational overhead in particular scenarios. Measuring the extent of improvement,
however, presented diëculties. The evaluation indicated that none of the similarity
assessment methods tested reliably rebected the qualitative observations. Images per-
ceived as superior were conversely rated as inferior, and vice versa. Experimental and-
ings suggested that reducing noise restored the dependability of these metrics. Sub-
sequent testing supported this proposition, demonstrating that assessments of blurred
images alignedwith expectations. This correlation is logical, as reducednoise in blurred
images enhances the consistency of similarity evaluations.

Spectral denoising demonstrated competitive image quality relative to ReLAX
and ReBLUR, while matching OptiX in only select instances. OptiX exhibits remarkable
performance in terms of both speed and visual adelity, evenwith limited samples. Nev-
ertheless, it fails to accurately retain all caustic details and often introduces excessive
blurring. A combined methodology, such as integrating curvelet outputs into OptiX,
holds promise for enhanced denoising quality. It should be noted that only a subset of
variable coeëcients was chosen for thresholding to minimise computational overhead
during both search and denoising operations. This restriction may inherently constrain
the denoising eëcacy.
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9.3 Limitations and Future Work
Anvil signiacantly improves debugging workbows for physically based rendering, but
several constraints remain. The rebection system currently enforces read-only access
to debugged data structures, requiring code recompilation for parameter adjustments
that could otherwise be modiaed interactively. Integration challenges emerge when
incorporating Anvil into existing codebases, particularly those sharing dependencies
like ImGui, potentially causing rendering artefacts or race conditions without careful
statemanagement. However, itsmodular design permits community-driven extensions
that could address these limitations.

Regarding rendering techniques, naive light tracing exhibits substantial noise
at low sample counts, as corroborated through both HDRVDP3 metrics and visual in-
spection. The importance-based variants face scalability challenges, requiring complete
map regeneration for camera movements or light transformations. While single-map
conagurations with random light selection provide unbiased multi-frame results, they
introduce per-frame bias. The Forge framework presents additional limitations, includ-
ing a steep learning curve for new users and potential network latency when using its
WebSocket system for distributed evaluations.

Future development priorities for Anvil include implementing write-back func-
tionality in the rebection system and automating GPU-host data transfers through spe-
cialised macros. For Forge, enhanced documentation and example projects would im-
prove accessibility, while WebSocket optimisations could reduce evaluation latency.
Spectral denoising requires further investigation into coeëcient reuse across scenes
with similar frequency characteristics, along with GPU acceleration for real-time ap-
plications. Preliminary tests suggest that a small subset of coeëcients may maintain
quality while reducing computational costs.

Additional research directions include exploring spherical harmonics for eë-
cient importancemap storage and investigating hybrid rendering approaches that com-
bine light tracingwith path tracing. The implementation of stochastic strategy selection
in bidirectional path tracing could enable dynamic, context-aware sampling. These ad-
vancements would address current limitations while expanding the practical applica-
tions of real-time caustic rendering in interactive graphics and VR environments.

9.4 Final Remarks
The real-time physically based rendering of caustics represents a signiacant challenge,
the resolution of which would elevate the realism of interactive graphical applications,
including video games and VR. Objects such as wine glasses, windows, and water
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waves are currently rendered using approximations or precomputed techniques, lim-
iting the adelity of light interactions experienced by users in VR environments. This
thesis advances the aeld by introducing Candela Path Tracing and Candela Light Trac-
ing, methodologies adapted from oìine rendering literature to accommodate the con-
straints of real-time performance and GPU architectures. Importance-based light trac-
ing variants enable real-time caustic rendering at a quality suitable for subsequent de-
noising or post-processing. Investigations into specular denoisers identiaed curvelets
as the most eêective at preserving caustic detail. To facilitate debugging and ensure
accuracy while minimising human error, the tools Anvil and Forge were developed
and made publicly available, providing a arm foundation on which future research
can build.
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